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ABSTRACT

This dissertation contains three chapters related to the study of diverse topics in macroeconomics
and trade. Chapter 1 focuses on how commodity shocks propagate through the banking sector
in small open economies; Chapter 2 studies how inflation expectations depend on past inflation
experiences and how this affects the aggregate economy; and Chapter 3 analyzes the effect of
cultural proximity on trade at the firm-to-firm level.

In Chapter 1, titled “The Financial Transmission Channel of Commodity Booms”, we examine
the financial propagation mechanism in small open economies (SOEs) that links commodity price
booms to the non-commodity sector via banks. We propose a mechanism in which a commodity
price boom leads to an increase in deposits from commodity exporters into domestic banks, en-
abling banks to expand their loan supply to non-commodity firms. Then, these non-commodity
firms increase their output. Using detailed bank-firm-loan microdata from Peru—an SOE that ex-
perienced a commodity price boom in the 2000s—we provide empirical evidence supporting this
mechanism.

In Chapter 2, titled “Aggregate Implications of Heterogeneous Inflation Expectations: The Role
of Individual Experience”, we show that inflation expectations are heterogeneous and depend on
past individual experiences. We propose a methodology to represent the inflation expectations-
formation process, where heterogeneity comes from an anchoring-to-the-past mechanism. In a
New-Keynesian framework, we find heterogeneous expectations increase shock persistence.

In Chapter 3, titled “Cultural Proximity and Inter-Firm Trade”, we examine how cultural prox-
imity shapes production networks. We combine a firm-to-firm trade dataset for an Indian state with
information on cultural proximity. We find a larger cultural proximity reduces prices and fosters

trade.



CHAPTER 1

The Financial Propagation Mechanism of Commodity Booms

Abstract

We examine the financial propagation mechanism in small open economies (SOEs) that links com-
modity price booms to the non-commodity sector via banks. We propose a mechanism in which a
commodity price boom leads to an increase in deposits from commodity exporters into domestic
banks, enabling banks to expand their loan supply to non-commodity firms. Then, these non-
commodity firms increase their output. Using detailed bank-firm-loan microdata from Peru—an
SOE that experienced a commodity price boom in the 2000s—we provide empirical evidence sup-
porting this mechanism. We then incorporate this mechanism into an SOE model with banks to
quantify its aggregate importance. After calibrating the model to the Peruvian data, our simula-
tions suggest that the mechanism explains one tenth of the observed 65% Peruvian GDP growth in
the 2003-2011 commodity price boom episode.'

1.1 Introduction

A well-documented fact about small open economies (SOEs) is that commodity prices, or more
generally terms of trade, are important sources of business cycle fluctuations [Mendoza, 1995,
Kose, 2002, Garcia-Cicco and Kawamura, 2015, Schmitt-Grohé and Uribe, 2018, Fernandez et al.,
2023]. The literature has identified several mechanisms by which commodity shocks propagate
to the broader economy: wealth effects [Salter, 1959, Swan, 1963, Corden and Neary, 1982],
sovereign interest rate premiums [Shousha, 2016, Drechsel and Tenreyro, 2018], and labor real-
location [Benguria et al., 2023], among others. At the same time, many emerging market SOEs
exhibit significant financial constraints, and the domestic banking system serves as a significant
amplifier of shocks in these countries [Paravisini, 2008, Schnabl, 2012, Agarwal et al., 2020, Bus-
tos et al., 2020, Morelli et al., 2022].

I'This chapter is co-authored with Walter Cuba.



In this paper, we explore how a commodity price boom interacts with the bank loan supply
in SOEs. More specifically, we propose a novel propagation mechanism that goes from com-
modity producers to non-commodity producers via the domestic banking system. We show that
after a commodity boom, commodity exporters increase their deposit holdings in domestic banks,
prompting banks to expand their loan supply to non-commodity firms. Then, non-commodity firms
increase their output. Our paper complements previous studies of commodity booms in SOEs by
highlighting the role of domestic banks in the local transmission of shocks from the commodity
sector to the non-commodity sector.

We document three facts using detailed matched bank-firm-loan microdata from Peru, an SOE
that experienced a mining commodity price boom in the 2000s. First, banks are heterogeneously
exposed to the mining commodity sector through their different mining client portfolios. When
mining commodity prices rise, banks with greater exposure to the mining sector receive more firm
deposits. After an annual 100 percent increase in commodity prices, the average exposed bank
registers an increase of 61 percent in firm deposits compared to a non-exposed bank.

Second, exploiting the heterogeneity in bank-borrower relationships, we find that more mining-
exposed banks supply more loans to non-mining firms after mining commodity prices increase.
After a 100 percent commodity price hike, the average exposed bank increases its loan supply by
16 percent when compared to a non-exposed bank.

Third, we document that non-commodity firms more exposed to mining commodity prices
through their banks increase their output after a commodity price surge. When commodity prices
double, the average exposed non-commodity firm increases its total sales by 2 percent compared
to a non-exposed non-commodity firm.

To quantify the aggregate importance of this mechanism, we embed it into a static SOE model
with banks and an endowment commodity sector. Consistent with our empirical findings, we
assume commodity exporters hold deposits in domestic banks. Furthermore, as the data suggest,
banks in our model are heterogeneous in their exposure to the commodity sector, such that each
bank receives different amounts of deposits from the commodity sector after a commodity price
shock.

The model contains two key financial frictions. First, non-commodity firms face a working
capital constraint, which implies that they must pay for part of their expenses before production
takes place. This friction creates the need for these firms to take loans from banks. Second, banks
face a balance sheet constraint, so they must obtain foreign wholesale funding to cover the loans
they supply when deposits and equity are not enough. Importantly, they must pay a premium on
their foreign wholesale funding that is decreasing in the amount of deposits they hold. This friction
links the amount of deposits held to the interest rate banks charge for their loans.

The model’s tractability allows us to derive structural equations that correspond with the re-



gressions estimated in the empirical analysis. In this way, we give a structural interpretation to the
estimated coefficients and recover the values for all the bank-related parameters in the model. We
calibrate the remaining parameters following the SOE literature and to match the change in Peru-
vian GDP in the 2003-2011 commodity price boom. After simulating the non-linear model using
hat algebra, we successfully match the targeted moment—GDP growth— and achieve a good fit to
untargeted moments.

We then conduct a counterfactual exercise in which we turn off the financial propagation mech-
anism to quantify its aggregate importance. More specifically, we turn off the pass-through from
commodity prices to firm deposits. Comparing GDP growth in the baseline and counterfactual
scenarios reveals that the financial propagation mechanism accounts for one tenth of the observed
65 percent GDP growth in Peru during the 2003-2011 commodity price boom period.

Literature review. Our paper relates to (i) the wider literature that studies the aggregate effects
of terms of trade and commodity price fluctuations in SOEs [Salter, 1959, Swan, 1963, Corden and
Neary, 1982, Mendoza, 1995, Kose, 2002, Garcia-Cicco and Kawamura, 2015, Schmitt-Grohé and
Uribe, 2018, Fernandez et al., 2023] and (ii) the literature that studies how financial frictions inter-
act with commodity shocks [Shousha, 2016, Drechsel and Tenreyro, 2018, Agarwal et al., 2020].
We contribute by providing evidence of a new financial propagation mechanism of commodity
shocks in SOEs that works through the banking system.

We also connect with the recent literature that studies the transmission channels of a commodity
price shock using microdata [Allcott and Keniston, 2018, Benguria et al., 2023, Silva et al., 2024].
Here, our contribution lies in tracing and quantifying the importance of the financial propagation
mechanism using detailed bank-firm-loan matched microdata.

Our empirical strategy is close to that of Peek and Rosengren [2005], Paravisini [2008], Schnabl
[2012], Iyer et al. [2014], Gilje et al. [2016], Agarwal et al. [2020], Bustos et al. [2020], Federico
et al. [2023], who use detailed bank and loan microdata to study how banks propagate shocks
across firms, sectors, and geographies. We take a step further and embed our proposed financial
mechanism into a general equilibrium model disciplined by microdata. Thus, we not only pro-
vide empirical evidence that supports the financial propagation mechanism but also quantify its
aggregate importance.

On the theoretical side, we build on the standard textbook SOE model of Uribe and Schmitt-
Grohé [2017]. Our contribution is to extend it with financial frictions and heterogeneous banks.
Firms need to take out loans because they are subject to a working capital constraint, following
Neumeyer and Perri [2005], Jermann and Quadrini [2012]. Banks are subject to a balance sheet
constraint [Jayaratne and Morgan, 2000, Kashyap and Stein, 2000, Gilje et al., 2016, Wang et al.,
2022, Whited et al., 2022], as they have to obtain foreign wholesale funding to cover their loans
[Shousha, 2016].



Section 1.2 provides details on the global mining price boom and the Peruvian economy. Sec-
tion 1.3 introduces the data and exposure measures. Section 1.4 presents the empirical evidence.
In Section 1.5 we introduce the theoretical framework. Section 1.6 quantifies the aggregate impor-

tance of the mechanism. Finally, Section 1.7 concludes.

1.2 Setting: Global Mining Price Boom and the Peruvian

Economy

From the early 2000s to the mid-2010s, the world experienced a mining commodity price boom,
mainly driven by a demand expansion from China [Fernandez et al., 2023]. This boom represented
a substantial shock for those SOEs where the mining commodity sector plays an important role.
In this paper, we focus on Peru, one SOE that benefited greatly from the boom. During the boom
period, the mining sector represented 70 percent of exported goods and 10 percent of real GDP.

Peru is an ideal setting for examining the financial propagation mechanism of commodity
booms in SOE. First, Peru exports a diverse basket of mining commodities: copper, gold, iron,
lead, silver, tin, zinc, and aluminum, among others.? Thus, we observe variation across different
minerals. Second, Peru holds a modest global market share for these commodities, so it is rea-
sonable to assume it is a price taker in these markets® Third, despite its aggregate importance, the
mining sector is weakly linked to the rest of the economy. For instance, in 2007, it only employed
1 percent of the total labor force, while it only demanded 2 percent of the domestically supplied
goods and services. This facilitates the identification of the financial propagation mechanism, as
increased labor income or intermediate demand are unlikely to be confounding factors.

In Figure 1.1 we report a weighted relative mining price index across all minerals that Peru
exports. Mining commodity prices increased sharply during the study period. For instance, at its
peak in 2011, the prices more than doubled relative to its value at the start of the boom. Figure 1.1
also shows that mining exports increased over this period, closely following the price index.*

Related to this boom, Figure 1.1 additionally shows the evolution of non-mining GDP. This
variable starts growing around the beginning of the boom and keeps increasing throughout the
boom. While non-mining GDP is not directly linked to the mining sector, we will argue later that

the two are connected through the banking system.

2 Appendix Figure A.1 shows the share of each mining commodity in total mining exports.

3We present the world output shares for Peru in 2011, the peak year of the mining commodity price boom, in
Appendix Table A.1.

4This boom was mostly price driven rather than quantity driven. We show individual mining price and quantity
indices in Appendix Figures A.2 and A.3, respectively. Quantities remained relatively flat for most minerals, the only
exceptions being copper and iron, which benefited late in the boom from large mining projects entering production.

4



Figure 1.1: Commodity price boom
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Note: For the weighted relative mining price index we first normalize the dollar prices for the commodity prices and then divide
them by the Peruvian imports price index. The weights we use are the average shares of each mining commodity across the sample
in total mining commodity exports. For mining exports we first normalize the dollar value and then divide it by the Peruvian imports

price index. The non-mining GDP is expressed in real domestic currency units and normalized.

Figure 1.2 presents the evolution of relevant variables in the banking sector, namely firm de-
posits and firm loans. The former are the deposits coming from private sector firms to domestic
banks, while the latter are the loans going from the domestic banks to the private sector firms.
Both series register an increase in the early years of the boom and keep growing during the boom

episode. In the next sections, we will show that part of this growth is due to banks being connected

to the booming mining sector.

1.3 Data

For our empirical analysis, we combine several data sources that result in a matched bank-firm-loan
dataset for the Peruvian economy from 2006 to 2018 with annual frequency. First, we use firm-
level customs data extracted from ADEX Data Trade. From this dataset, we identify the mining

commodity exporters and their exports.
Second, we retrieve end-of-year bank balance sheet data from the Peruvian banking regulator

(SBS). We focus on firm deposits—the total amount of deposits from private sector firms held in
the banks under consideration. We have information for 9 domestic banks, whose firm deposits

represented 8 percent of Peruvian GDP on average over the analyzed period. We show the basic



Figure 1.2: Firm deposits and firm loans
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Note: The series are expressed in real domestic currency units and normalized.

statistics in Appendix Table A.2.°

Third, we use the Peruvian firm survey (EEA) to recover firm-level balance sheet informa-
tion. We have information on approximately 4,800 non-exporting non-mining firms that belong to
the following sectors: construction, education, hotels, manufactures, restaurants, retail, services,
transport and communications, and travel agencies.® These firms are mostly medium to large
when measured by their total sales. On average, between 2006 and 2018, their aggregate sales
represented 19 percent of the GDP. We present statistics on the firms in Appendix Table A.4.

Fourth, we exploit the Peruvian credit registry. This rich dataset provides end-of-year annual
loan-level information on the lending institution, the borrowing non-mining firm, and the outstand-
ing loan amount. We focus on a subsample that considers all the loans received by the non-mining
firms that appear in the firm survey. The total loans in this subsample represented 102 percent of

GDP on average within the analyzed period. We give more detail about the loan-level statistics in

Appendix Table A.3.

The total Peruvian financial system is composed of banks and other non-banking institutions (cajas municipales,
cajas rurales, and financieras). The 9 banks in our sample represented 87 percent of total assets, 87 percent of total
firm loans, and 88 percent of total firm deposits on average between 2006 and 2018. We treat merged banks as single
entities and combine their accounts. We exclude banks that exclusively serve foreign-owned firms or specialize in
credit card and consumer loans, as they fall outside the scope of our analysis. Lastly, we do not consider the cajas
municipales, cajas rurales, and financieras, as they were not permitted to hold firm deposits during the period of
analysis because of regulatory restrictions.

6Although information on non-mining commodity-producing firms is available in the firm survey, we exclude
these firms from the sample because their prices may be correlated with those of the mining sector. The excluded
sectors include agriculture, electricity, fishing, and oil and gas.

6



Last, we retrieve international commodity prices from the IMF commodity price database. We
have information on aluminum, copper, gold, iron, lead, silver, tin, and zinc prices. Metals that are
not found in the commodity price database are assigned the all-metals average price index. Per the
usual SOE assumption, we consider these prices to be exogenous to the Peruvian economy.

All commodity prices are divided by the Peruvian import price index and normalized to
2007=100. All other variables are converted to Peruvian soles (PEN) using the average nominal

exchange rate for the period and deflated by the Peruvian GDP deflator.

1.3.1 Exposure of Banks and Non-Mining Firms to the Mining Sector

The key variable in the empirical analysis is the exposure of banks and firms to mining commodity
prices. First, we identify the mining commodity exporters in the customs data, each indexed by m.
We classify a firm as a mining commodity exporter if its average mining exports are greater than

or equal to 50 percent of its total exports.
co

Next, we define w,,

as the weight of mining firm m in the total loan portfolio of bank b,
with non-mining clients having 0 weight. Because our focus is on the response of deposits to a
commodity boom, we would ideally use data on deposits to measure the strength of the relationship
between a bank and a mining firm. Unfortunately, deposit data broken down by bank and firm do
not exist. Instead, under the assumption that the bank-firm relationship influences both deposits
and loans (i.e., mining firms hold deposits in the same banks from which they borrow), we use
loans from a bank to a mining firm as a proxy for the strength of their deposit-based relationship.
Moreover, the weights we use are fixed to their pre-sample values to address the concern that
either the banks could look for mining clients after the boom or the mining companies could look
for loans after the boom.” We report the sum of all mining weights across banks in Figure 1.3, in
which we see that the banks under consideration are heterogeneously exposed to the mining sector.
We now combine the heterogeneous exposure of each bank b to the mining sector with the time
variation of mining commodity prices. We define the weighted mining commodity price exposure

index Ey; as

By =Y wpdln (p57), (1.1)
where w'© is the weight of mining firm m in the total loan portfolio of bank b and pS¢ is the

relevant mineral price for mining firm m (e.g., copper price for a copper exporter, gold price for

a gold exporter).® In line with the SOE assumption, we treat commodity prices as exogenous to

"To construct the constant weights, we take the 2004 end-of-year loan portfolio weights for each mining exporting
company operating in that period.

8For commodity exporters that export more than one mining commodity, we take the price of the most important
mineral in their export basket.



Figure 1.3: Total mining weights in banks
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Note: Figure shows the total weight of mining commodity firms in the total loan portfolio of the 9 banks under consideration. We
use fixed 2004 weights.

Peruvian banks and firms. Since weights w9 are fixed, time variations in Ej; arise solely from

changes in commodity prices, making the index exogenous to the Peruvian economy.
Likewise, we construct a measure of how non-mining firms are exposed to mining commodity
prices through their associated banks. For non-mining firm ¢, we define the weighted mining

commodity price exposure index e;; as

e = Y B, (12)
b

where s;;, is the fixed pre-sample weight of bank b in the total loan portfolio of non-mining firm .

Banks with no exposure have a weight of 0.

1.4 Empirical Evidence

The goal of this section is to empirically demonstrate the existence of the financial propagation
mechanism that connects the commodity price boom to the rest of the economy. We use detailed
microdata from Peru to establish three different empirical facts after a mining commodity price in-
crease: (i) banks that were related to mining firms received more firm deposits; (i) banks that were

related to mining firms increased their loan supply to non-mining firms; and (iii) non-commodity

9The weights are fixed to their 2004 values.



firms related to exposed banks increased their output. Together, these facts provide a detailed
step-by-step account of the financial propagation mechanism of the commodity price boom to the

non-commodity real economy of Peru.

1.4.1 Facts

Fact 1: More exposed banks receive more firm deposits. We first establish that banks exposed to
mining exporters experienced an increase in their deposits. We rely on the exogeneity assumption
for mining commodity prices in an SOE and exploit the heterogeneous exposure to such prices
across banks to estimate

In (Dy) = oy + ap + BEy + uy, (1.3)

where Dy, are the firm deposits, Ey; is the bank-level weighted mining commodity price exposure
index from Equation 1.1, oy is a bank fixed effect, and « is a period fixed effect.!”

For any given bank b in our dataset it holds that the sum of total weights of mining firms
S, we© £ 1, as no bank has a loan portfolio that consists only of mining firms. Thus, our
regression is subject to an incomplete weights problem, in which we do not account for the effect
that the non-mining clients have on banks. This may bias the results [Borusyak et al., 2022, 2024].
To control for this under our panel setting, we include an interaction of the total bank-level weights
> wi9 with period fixed effects in our regressions.

For this regression, we use data at the bank-level. Column 1 of Table 1.1 shows there is a
positive elasticity between the firm deposits of a bank and its exposure to mining commodity prices.
Given an average wS 9 of 0.04 across exposed banks (see Figure 1.3), a 100 percent increase in
mining commodity prices would result in an increase of 61 percent in firm deposits within exposed
banks (Ey, > 0) compared to non-exposed banks (Ey; = 0).!!

While we only have information on total firm deposits across all sectors and not mining-specific
firm deposits, we argue that the positive effect we find occurs mostly because the mining sector
increases its firm deposit holdings after mining commodity prices increase. The identification
strategy we use relies on two elements that should isolate the effects coming from the mining sector.
First, the mining exposure weights w9 guarantee we only focus on banking relationships with
mining commodity firms. Second, the commodity prices p“© are relevant for mining commodity

firms and not necessarily firms from other sectors.'?

19Firm deposits refer to deposits that originate from firms. Therefore, this measure excludes other types of deposits,
such as those that come from households.

!'The calculation we perform is 3 x wS? x [In (2)] & 61%, where w9 = 0.04 is the average mining commodity
weight across exposed banks.

12 According to professionals in the Peruvian mining industry whom we interviewed, mining companies must hold
deposits in domestic banks for several operational reasons: paying suppliers, workers, and taxes, as well as financing
reinvestment and other precautionary motives.



Table 1.1: Bank-level results

(1) (2) (3) 4) &) (6) (7)
Dep. var. In(Dy) In (Dl‘ft"m) In (D}jfd) In(Dy) In (thh) In (Ly) Pet. Lgff

Ey 22 171%%%22 489**%2(0.908***21.663*** -1.797  5.323%* 1.013
(4.424) (4983) (6.619) (4.517) (4.288) (2.876) (0.760)

Ept— 0.655
(6.394)
FE Bank, Bank, Bank, Bank, Bank, Bank, Bank,
period  period  period period period period  period
Obs. 114 114 114 114 114 113 109

WithinR2  0.249 0.222 0.174 0.249 0.167 0.106 0.304

Note: *** p<0.01, ** p<0.05, * p<0.1. Standard errors clustered by bank in parentheses. Column 1 shows the result of estimating
Equation 1.3. Column 2 changes the dependent variable to deposits in domestic currency. Column 3 changes the dependent variable
to deposits in US dollars. Column 4 adds a lag of the independent variable to the estimation. Column 5 changes the dependent
variable to household deposits. Column 6 changes the dependent variable to total firm loans. Column 7 changes the dependent
variable to the percentage of defaulted firm loans over the total firm loans.

Fact 2: More exposed banks supply more loans to non-mining firms. We now analyze
whether exposed banks supply more loans to their non-mining firm clients. For this, we follow the
Khwaja and Mian [2008] identification strategy, which relies on non-mining firms being matched

to multiple banks. More specifically, we estimate
In (Lipy) = aup + aig + CEy + wipy, (1.4)

where L;,; are the outstanding loans from bank b to non-mining firm i, Ej, is the bank-level
weighted mining commodity price exposure index from Equation 1.1, oy is a firm-bank fixed
effect that controls for the special relationship a firm-bank pair could have, and «; is a firm-period
fixed effect that controls for any firm-period-specific loan demand shocks. We also include an
interaction of the total bank-level weights with period fixed effects to control for the incomplete
weights problem.

In this part, we use data at the bank-firm level. The combination of fixed effects results in a
within-firm specification, in which the sample consists of only firms that have loans with more than
one bank. Then, by assuming mining commodity prices are exogenous to the Peruvian economy
and exploiting the within-firm and across-bank variation, the coefficient ¢ identifies the loan supply
shock coming from the banks. Moreover, we trim the dependent variable at 1 and 99 percent each
period.

Column 1 of Table 1.2 presents the result. We find a positive elasticity between the loans a bank

gives to its non-mining clients and the exposure of that bank to mining commodity prices. For a
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Table 1.2: Loan-level results

(1) (2) 3) 4) (5) (6)
Dep. var. In(Ly) In(Liy) In(Liy)  In (L) Iy Teit

Ey 5.697** 10.950%** 9.633%**  553]%* -0.169 0.098
(2.479) (2.822) (3.104) (2.470) (0.314) (0.562)

Ey_q -5.035%*
(3.020)
By x 1434 1.306%*
(0.156)
FE Firm x Firm x Firm x Firm x Firm x Firm x

bank, firm  bank, Dbank, firm bank, firm bank, firm bank, firm
x period sector X X period X period X period X period
region X
period

Obs. 73,121 102,667 73,121 73,121 141,682 57,593
WithinR2  0.002 0.001 0.002 0.005 0.004 0.003

Note: *** p<0.01, ** p<0.05, * p<0.1. Standard errors clustered by firm-bank in parentheses. Column 1 shows the result of
estimating Equation 1.4. Column 2 changes the set of fixed effects. Column 3 adds a lag of the independent variable to the estimation.
Column 4 adds a loan dollarization dummy variable to the estimation. Column 5 examines the entry-side extensive margin. Column
6 examines the exit-side extensive margin.

non-mining firm, a 100 percent increase in mining commodity prices would correspond with an
increase of 16 percent in loans supplied by exposed banks (£}, > 0) compared to non-exposed
banks (E; = 0).13

Taken together, Facts 1 and 2 suggest that banks face financial liquidity frictions that are relieved
by the deposit inflow after the commodity price shock. If there were no financial frictions (i.e., if
banks had costless access to liquidity), then we would not see an increase in loan supply after
the shock, as banks would have already exploited all profitable lending opportunities [Gilje et al.,
2016, Gilje, 2019, Bustos et al., 2020].

Fact 3: More exposed non-mining firms produce more. We now ask what occurs to the
production by non-mining firms related to exposed banks. First, we measure production using
total sales in deflated monetary units. Second, we maintain the exogeneity assumption for mining
commodity prices and leverage the heterogeneity in loan portfolios across non-mining firms to
estimate

In (pieyie) = i + ar + Kea + wae, (1.5)

where p;;y;; represents the total sales of non-mining firm ¢, e;; is the firm-level weighted mining

commodity price exposure index from Equation 1.2, «; is a firm fixed effect, and «; is a period

3The calculation we perform is ¢ x w9 x [In (2)] ~ 16%.
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Table 1.3: Firm-level results

(1) (2) 3)
Dep. var.  In(pyyie) In(payi) In (wiv hit)

eit 0.940%** Q. 711%** 1.037%***
(0.317) (0.248) (0.301)

€it—1 0.636%*
(0.254)
FE Firm, Firm, Firm,
period period period
Obs. 29,570 29,570 29,421

WithinR2 ~ 0.002 0.002 0.001

Note: *** p<0.01, ** p<0.05, * p<0.1. Standard errors clustered by firm in parentheses. Column 1 shows the result of estimating
Equation 1.5. Column 2 adds a lag of the independent variable to the estimation. Column 3 changes the dependent variable to the
wage bill.

fixed effect. As in the previous cases, this regression is also subject to the missing weights problem,
for which we add an interaction of the total weights with period fixed effects. For this regression,
we use firm-level data. We also trim the dependent variable at 1 and 99 percent in each period.

Column 1 of Table 1.3 shows the result. There is a positive elasticity between the total sales of
a non-mining firm and its exposure to the mining commodity prices through banks. A 100 percent
increase in mineral prices would imply a 2 percent increase in the total sales of exposed firms
(eir > 0) with respect to non-exposed firms (e;; = 0).'*

Fact 3 also suggests non-mining firms face financial frictions. As with the banks, if firms were
not exposed to such frictions (i.e., if they had costless access to financing), they would have already

taken all the borrowing opportunities and we would not see the increase in output after the shock.

1.4.2 Additional Bank-Level Results

Firm deposits by currency. In Peru, firms can hold deposits in either domestic currency or dollars.
The average of firm deposits in domestic currency over total firm deposits is 48 percent for the
2006-2018 period. To assess whether deposit responses differ by currency, we estimate Equation
1.3, but differentiate deposits by domestic currency (D@™) or dollars (D{“*%). For consistency,
dollar-denominated deposits are converted into domestic currency. Columns 2 and 3 of Table 1.1
show that different currencies do not imply significantly different responses with respect to mining

commodity prices, as the estimated coefficients are similar between them and are also close to the

14The calculation we perform is x x wamO X S5 X [In (2)] &~ 2%, where S3, = 0.97 is the average weight exposed
banks have in the firm loan portfolios.
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main result of Column 1.

Lagged effects. Our main specification does not account for potential lagged effects of past
shocks on current deposits. To address this, we estimate Equation 1.3 incorporating a lag of the
weighted mining commodity price exposure index. Column 4 of Table 1.1 shows that the lagged
value of the independent variable is not statistically significant, whereas the current value remains
significant. This allows us to rule out the possibility of significant lagged effects of mining price
exposure on firm deposits.

Household deposits. While our main focus is on firm deposits, we also analyze the response of
household deposits to the changes in mining commodity prices. Specifically, we estimate Equation
1.3, but substitute the dependent variable to the deposits made by households D!*. Column 5
of Table 1.1 shows there is not a statistically significant effect of mining commodity prices on
household deposits.

Total firm loans. We estimate Equation 1.3 using the total of firm loans L;; given by each bank
to private sector firms as the dependent variable. Column 6 of Table 1.1 shows that total firm loans
also increase after a commodity price shock. This suggests the loan-level result we found for Fact
2 also holds at the aggregate bank-level.

Defaults. An expansion of the loan supply could make banks lend to riskier firms, who may
be more likely to incur in defaults. However, Column 7 of Table 1.1 shows that the percentage
of defaulted firm loans relative to total firm loans at the bank level does not exhibit a statistically
significant response to a commodity price shock. Thus, within our sample, we find no evidence

that the increased firm loan supply led to higher default rates.

1.4.3 Additional loan-level results

Alternative fixed effects. Our within-firm identification we use [Khwaja and Mian, 2008] relies
on our sample consisting only of firms that have loans from more than one bank. This excludes
firms with only one banking relationship. Following Degryse et al. [2019], we can use a different
combination of fixed effects to prevent this issue. In particular, we estimate Equation 1.4 but
replace ay;; with ag,, where s denotes two-digit ISIC sector and r denotes geographic region. The
assumption is that all firms within the same region and sector face the same loan demand shock
in any given period. We present the results in Column 2 of Table 1.2. The result of the main
regression holds, albeit with two differences. First, the number of observations increases because
now we include firms that have loans with only one bank. Second, the magnitude of the coefficient
is larger. Then, we may interpret the main regression as a lower bound for the effect of mining
commodity prices on loan supply.

Lagged effects. To assess potential lagged effects of past mining price exposure on current

13



loans, we estimate Equation 1.4 adding a lag of the independent variable. Column 3 of Table 1.2
shows that the lagged independent variable is not statistically significant, while the current variable
remains significant. We interpret this as evidence that bank exposure to mining commodity prices
affects loan supply contemporaneously, with no significant lagged effects.

Firm loans by currency. In Peru, loans may be given in domestic currency or in dollars. We
define indicator variable 1%, which equals 1 if 50 percent or more of the loans received by firm i
from bank b are in dollars. In our sample, 44 percent of the loan-level observations are dollarized.
Column 4 of Table 1.2 incorporates the interaction Fy; x [4? into the analysis. We find that,
when commodity prices increase, dollar-denominated firm loans show a slightly stronger response
compared to domestic currency-denominated firm loans.

Extensive margin. The focus of our analysis so far has been on the intensive margin. Here,
we modify our within-firm specification to explore whether there is also an effect on the extensive
margin by introducing the indicator variables I§,."¥ and I¢%*. The former is equal to 1 if a new
relationship is formed between firm 7 and bank b in period ¢, while the latter is equal to 1 if an
existing relationship between between firm ¢ and bank b ends in period ¢.

In the entry sample, for a given bank-firm pair, we cover all the periods from 2006 until a
relationship is formed. We estimate Equation 1.4 using I,/ as the dependent variable and present
the results in Column 5 of Table 1.2. We do not find a statistically significant effect of mining
commodity prices on the extensive margin. Within our medium to large firm sample, loan supply
responds to mining commodity prices on the intensive margin but not on the extensive margin.

For the exit sample, we cover all existing bank-firm pairs from 2006 until they dissolve. We
estimate Equation 1.4 with I$%" as the dependent variable and show the results in Column 6 of

Table 1.2. We find no statistically significant response of exits to mining commodity prices.

1.4.4 Additional Firm-Level Results

Lagged effects. We examine whether lagged values of the independent variable affect the cur-
rent production of non-commodity firms. We estimate Equation 1.5 with an additional lag of the
weighted mining commodity price exposure index. We present the results in Column 2 of Table
1.3, in which we see that the current and lagged values of the independent variables are statistically
significant. Moreover, we see that the sum of both coefficients is close to that of the baseline speci-
fication in Column 1, suggesting that the baseline specification captures both the contemporaneous
and lagged effects of mining price shocks.

Wage bill. The main input in our theoretical model is labor. We explore the relationship
between non-mining firm wage bill w h;; and exposure to mining commodity prices. Since the

number of workers or hours worked is not precisely recorded in our dataset, we use the wage bill
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as a proxy for labor. Column 3 of Table 1.3 shows the results of estimating Equation 1.5 with
the wage bill as the dependent variable. We find a positive elasticity between the wage bill of
a non-mining firm and its exposure to mining commodity prices through banks. This suggests
that mining-exposed firms not only produce more when mining commodity prices go up but also

increase their hiring.

1.5 Model

In this section, we introduce a static SOE model that captures the financial propagation mechanism
of commodity booms and quantifies its aggregate importance. The model consists of a representa-
tive household, a discrete number of non-tradable intermediate goods producers, a non-commodity
exports producer, a loan aggregator, a discrete number of banks, and a representative commodity
exporter. The household owns all the firms and banks. Importantly, the non-tradable intermediate
goods producers are the model-equivalent of the non-commodity firms in the data.

The economy has a fixed endowment of the commodity good which it wholly exports at the
given international price. At the same time, the economy exports and imports non-commodity
goods, while banks can obtain wholesale funds from foreign lenders. We take the non-commodity
importable good as the numeraire. Moreover, the non-commodity exportable good can be con-
sumed domestically as part of the tradable consumption good. Any excess supply of the non-
commodity exportable good is exported.'”> Following the SOE assumption, the price for the com-
modity good, the exportable non-commodity good, and importable non-commodity good are taken
as given.

In line with our empirical findings, we assume that commodity exporters hold deposits in do-
mestic banks and that they will increase such deposits after an increase in commodity prices.
Moreover, as indicated by the data, banks exhibit varying degrees of exposure to the commodities
sector. Each bank will receive different amounts of deposits from the commodity sector according
to its exposure after a shock to commodity prices.

Motivated by our empirical results, we introduce two key financial frictions in the model. First,
non-tradable intermediate firms produce with a linear technology that uses only labor. However,
they face a working capital constraint. This means these firms have to pay for a fraction of their
wage bill before production takes place [Neumeyer and Perri, 2005, Jermann and Quadrini, 2012].
Then, non-tradable intermediate firms need to take out loans from banks to finance such expenses.

Second, banks face a balance sheet constraint [Wang et al., 2022, Whited et al., 2022]. Banks
typically fund their loans with deposits and equity. However, when deposits and equity are not

enough, banks must turn to foreign wholesale money markets [Shousha, 2016]. Because foreign

SLikewise, any excess demand of the non-commodity exportable good is covered by imports.
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lenders are concerned that domestic banks might default, domestic banks must pay a premium.
This premium is decreasing in the amount of deposits held. Importantly, this friction connects the
interest rates that banks charge on loans to the amount of deposits held.

The frictions we introduce in the model have several effects. After a commodity price boom
that increases deposit holdings, banks will require less foreign wholesale funding. First, this will
reduce the premiums banks pay, so they will charge lower interest rates to the domestic firms.
Second, because the stock of foreign wholesale funding falls, there are fewer financial outflows
to the foreign sector and more resources in the domestic economy, which implies imports will be
larger. Importantly, imports are used as an input to produce the domestic tradable consumption
good, which itself is complementary with the domestic non-tradable consumption good. Then, an
increase of imports also drives up the domestic production of the tradable and non-tradable goods.

Timewise, the model operates as follows. At the beginning of the single period, the commodity
price is revealed. The commodity producers export their endowment at the given price and deposit
part of their income flow in domestic banks. We assume this deposit bears no interest. Then,
all agents decide how much to consume, how much labor to supply, and how much to produce.
Households fund banks with equity. Given the previous actions, banks take foreign wholesale
funding and lend to non-tradable intermediate firms. At the end of the single period, firms produce
and pay back loans. Banks pay back wholesale funding and return deposits. Then, the household
receives the profits from the firms and the banks. Finally, the household consumes.

1.5.1 Household

The representative household consumes the final consumption good ¢ at price p, supplies labor
h" to the non-tradable intermediate firms at wage w’, supplies labor A* to the non-commodity
exporting firm at wage w”, and owns the firms and the banks, for which it receives total profits 7.
Moreover, the household provides equity K, to fund the banks. Because our focus is not on equity,
we will define it exogenously in our simulations.

Following the SOE literature, we assume the household has GHH preferences [Greenwood

et al., 1988], so labor supply is independent of consumption. The household solves the problem

N 1+v x\1+v l=v
o L (C_(h) () ) |
ehN X 1 —wv

1+ 1+

subject to
pc—l—ZKb = wVhYN +w¥hY £,
b

where v measures the relative risk aversion and 1) is the inverse of the labor supply elasticity.
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The final consumption good is a bundle of the non-tradable consumption good ¢V and the

tradable consumption good ¢’ such that

—1

o= [ @) T - av ) T

where 1 is the elasticity of substitution and A7 is the weight of the non-tradable good. We
calibrate the elasticity of substitution so that the tradable and the non-tradable consumption goods
are complements.

The non-tradable consumption good ¢" is a bundle composed of a discrete number of differen-

tiated non-tradable intermediate consumption goods c; so that

fed

o—1

1 o—1
E AP
Ai cz )
i

where o is the elasticity of substitution and A; denotes the weights, with A; > 0and ) . A, = 1.

N =

We calibrate this bundle such that non-tradable intermediate consumption goods are substitutes.
Also, the price of the non-tradable consumption good is p’.
Lastly, the tradable consumption good ¢! is a bundle composed of non-commodity exportable

consumption good ¢, and an importable consumption good ¢, so that

—1

T [ )T e @)

where Y is the elasticity of substitution and A*" is the weight of the non-commodity exportable
good. We calibrate the elasticity of substitution to be equal to 1, so that this bundle has a Cobb-

Douglas functional form. The price of the tradable consumption good is p’.

1.5.2 Non-Tradable Intermediate Good Firms

There is a discrete number of non-tradable intermediate good firms indexed by i € [1, ..., I] that
engage in monopolistic competition and are owned by the household. These firms represent the
non-commodity firms from our dataset. Each firm employs labor h; to produce y; and charge
price p;. We further assume these firms all face the same productivity A, and the market for each
non-tradable intermediate good is in equilibrium, such that ¢; = y;.

These firms are also subject to a working capital constraint, which means they must pay a
proportion # of the wage bill w™¥h; before production takes place [Neumeyer and Perri, 2005,
Jermann and Quadrini, 2012]. Thus, these firms need to take out loans from banks to finance their

production expenses. The firms produce and pay off their loans plus interest at the end of the
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period.

For a given non-tradable intermediate firm ¢, the optimization problem is

max m; = pil; — (1 + QTZ-L) w™ hy,

DisYi hi
Di -
Yi = 1\ <p_N) CN,

y’i = Ah‘l;

subject to

where riL is the loan interest rate each firm faces, and p" is the price of the non-tradable con-
sumption bundle.

Additionally, for each non-tradable intermediate firm we define loan demand as

1.5.3 Commodity Exporter

We assume there is a representative commodity exporter, fully owned by the household.'® It re-
ceives an endowment y“© = 1 and exports it at exogenous price p“©. This firm does not hire labor
to operate or use intermediate inputs.!’

As suggested by Fact 1, we assume that the commodity exporter holds deposits in the domestic
banks. Additionally, the amount of deposits held is sensitive to the commodity prices. We discuss
this feature more extensively in the bank section. As a simplification, we further assume these
deposits bear no interest rate. At the end of the period, the commodity producer gets its deposits

back from banks and transfers the export revenue to households.

1.5.4 Non-Commodity Exportable Good Firm

In the model, there is a perfectly competitive non-commodity exportable goods producer, which

uses labor ¥ to produce y*. The problem it faces is

max 1% = pXy~X — w¥h¥

yX,hX ’

16In Appendix A.2.8 we explore the possibility of the commodity exporters paying part of their revenues as divi-
dends to foreign owners.

17This is based on the observation that, in the Peruvian setting, the mining sector employs few workers and demands
few domestically supplied goods and services.
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subject to
= ARX,

where this firm displays the same level of productivity A as the non-tradable intermediate firms.
As a producer of a tradable good, this firm charges the price p*, which is exogenously set in the

foreign markets.

1.5.5 Loan Aggregator

Non-tradable intermediate firms obtain their loans L; from firm-specific and perfectly competitive
loan aggregators, which are owned by the household. Each loan aggregator specializes in serving
a single non-tradable intermediate firm i € [1,. .., I] by sourcing bank-level loans L; from banks
b at interest rate 7& to convert them into loan bundle L; using CES technology [Gerali et al.,
2010, Andrés et al., 2013, Ulate, 2021] and charge interest rate r~. The CES assumption reflects
two facts from firm and bank relationships. First, firms may obtain loans from more than one
bank. Second, there is imperfect substitutability across different banks as they may be specialized
in certain sectors or may have special relationships with specific firms [Chodorow-Reich, 2014,
Cong et al., 2019, Paravisini et al., 2023].

The problem of the loan aggregator is

max 1—|—7" 1—i—r Ly,

subject to loan bundle

&€ _

b

where s;;, are fixed weights and ¢ is the elasticity of substitution across banks.'® The calibration
we follow for the simulations sets the bank-level loans that compose the bundle as substitutes.
Moreover, for a given firm 4, it must hold that s;;, > 0 and ), s; = 1. We allow the weights s, to

be zero, so firms do not necessarily have to source loans from all banks.

1.5.6 Banks

There is a discrete number of banks indexed by b € [1, ..., B, with each offering a differentiated
variety of loans. Banks operate in a monopolistically competitive fashion and are owned by house-

holds. Banks choose loans Ly, interest rate 73, and foreign wholesale funding N}, subject to their

18Column 4 of Table 1.2 shows there is no effect of the mining commodity price shock on the extensive margin of
loans. Thus, we do not consider this margin within the model.
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balance sheet and the loan demand coming from loan aggregators.

Banks are subject to a balance sheet friction [Gilje et al., 2016, Wang et al., 2022, Whited et al.,
2022]. Their balance sheet has loans on the asset side, which have to be funded on the liabilities
side through firm deposits D, from commodity producers, equity K}, and foreign wholesale fund-
ing N,.'"” This implies that when deposits and equity are insufficient to fully cover loans, domestic
banks have to go to foreign money lenders to obtain foreign wholesale funding [Shousha, 2016].

The cost of the foreign wholesale funding has two parts.?® First, the cost depends on the foreign
interest rate r. Second, because domestic banks could default, foreign lenders will charge them

a premium ¢ In <g—bb>, where ¢ is a cost function parameter and B, is a constant that serves as a

benchmark. The functional form ¢ In (%Z) captures the idea that when deposits are abundant, the
need for foreign wholesale funding is lower and domestic banks are charged lower premiums in
foreign markets.”!

The problem banks solve is
max 7rb:(1+rbL)Lb—Db— 1+r+¢ln @ Ny,
T£7Lb7Nl7 Db

subject to balance sheet
Ly = Dy + Ky + Ny,

and total loan demand

The optimal interest rate i charged is

£ Bb
l4+rl=——11 In | =
ot Siereon(p)]
where the introduction of the balance sheet friction connects the interest rate banks charge with
the amount of firm deposits they hold. The larger the amount of deposits held, the lower the
premium paid by the bank for the foreign wholesale funding and the lower the interest rate charged
to firms.

Consistent with the empirical evidence from Equation 1.3, we posit the following reduced-form

19 As stated above, because our focus is not on equity, in our simulations we set equity K exogenously to match
its observed change in the data.

20This cost functional form may be motivated by different microfoundations. In Appendix A.2.1 we outline one
such possible microfoundation.

21'We may think of constant benchmark B; as capturing the reputation of the domestic bank in foreign markets or
the relationships the domestic bank may have with foreign lenders. For technical reasons related to recovering the

model parameters from our empirical results, we require % > land ¢1n (%) ~ 0 (see Appendix A.2.5).
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relationship between deposits D, and commodity prices p©©:

In (D) = oy, + 5%00 In (PCO) )

where oy, is a constant and w{’© is the total exposure to the commodity exporting sector of bank
b. As suggested by the data, this equation captures the idea that commodity exporters hold deposits

in domestic banks and will increase their holdings when their income increases.

1.5.7 Market Clearing Conditions, Real Exchange Rate, Balance of Pay-
ments, and Real GDP

In this section we first list the equilibrium conditions for the markets of the model. The equilibrium

W= "h,

for the non-tradable labor is

while total labor A is defined as
h=h*+h"

For the non-tradable consumption good we have

and for non-tradable intermediate goods we have that
Ci =Y,

for all z.

We further define total non-commodity output Y VO as
YNCO — yX + yN
On the loan side, the equilibrium condition is
Ly=Y_ L,

for all b.

We define the real exchange rate rer as

1
rer = —,
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where a decrease means a real appreciation of the domestic goods relative to the foreign ones.

The balance of payments equation is

B
co, CO X X X M b
+ —M) =M= "|r+ ¢ Ny,
ey P (y ) b [r <Db)} '

where p©@y©O + p¥ (yX — ) — c™ is the trade balance and ), [r +¢ln <D—b>} Nj is the finan-
cial account.
Last, we define real GDP as

PGDP = pc + pP0y°C + pX (y* — &) — pMcM,

where overlines denote constant prices.

1.5.8 Equilibrium

We solve the model using the exact hat algebra method of Dekle et al. [2008]. For a given variable

z in levels, we define 7 = % as the change between final state 2’ and initial state z. Likewise, for

144
1+7°

Given a commodity price shock p/C\O the market foreign interest rate 7, TFP A, equity {f(\b} ,

a given interest rate ¢ we define 1 +i=

parameters, and ratios, the equilibrium of the model is a set of prlces p, p p {pz} w wX rer,

a set of interest rates {TL} {rf} , » and a set of allocations ¢, N, T X oM, yv y yN co_ p,
hN , hX {yi, h;, Li} , {Lb, Dy, Nb} , {Lib} such that the final consumption good, non-tradable
i b

ib
good, loan, and labor markets clear and the bank balance sheets hold. We present the equilibrium
conditions in Appendix A.2.2 and the conditions expressed in terms of hat algebra in Appendix

A2.3.

1.5.9 Calibration

We divide the parameters into the non-bank block, the bank block, weights, ratios, and shocks.
We present the non-bank block parameters, the bank block parameters, weights and shocks in
Table 1.4, while we relegate the ratios to Appendix A.2.4. Based on the matched bank-firm-loan
dataset from Peru, we calibrate the model for 5 representative non-tradable firms, 9 banks and
a representative commodity exporter.”> For the non-bank block, we calibrate the intratemporal

parameters using standard values in the SOE literature [Uribe and Schmitt-Grohé, 2017], while we

22We sort non-commodity firms from the firm survey according to their sales and average them by thirds. Each
representative non-tradable firm in the model is calibrated to match the average firm by third from the data.
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Table 1.4: Parameters

Non-bank block

(0 Inverse of labor supply elasticity 0.455
y Elasticity of substitution in final good basket 0.5
X Elasticity of substitution in tradable good basket 1
o Elasticity of substitution in NT good basket 5
ANT  Weight of non-tradables in final consumption basket 0.58
AXM Weight of exportables in tradable consumption basket 0.1
A; Weight of firms in NT consumption basket By firm
Bank block
Ié] Commodity price to deposit elasticity 22.171
€ Elasticity of substitution across banks in loan bundle 3.879
0] Bank cost function parameter 0.066
0 Working capital financed by loans 0.160
Bank weights in firm loan portfolio
Sib Individual loans / Total loans, by firm By firm and bank
Bank exposure to commodity prices
wso Mining loans / Total loans, by bank By bank
Shocks
p/CB Commodity price shock 2.57
A TFP 1.13
r Foreign interest rate -0.02
Ky Bank equity 2.22

Note: All ratios calculated using deflated data and expressed in domestic currency. Imports and exports consider traded goods only.
Because foreign wholesale funding IV, is not properly measured in the data, we calculate N, = Ly — D — K3 as a proxy. We
provide details on the data underlying the shocks in Appendix A.2.6.

set the elasticity of substitution in the non-tradable basket so firms have a markup of 25 percent.
For the ratios, we calibrate them to match the averages in Peruvian data in the period 2006-2018.

Next, we provide detail on how we obtain the values for the bank block parameters based on
the data and the regressions of Section 1.4, as well as on how we calibrate the shocks.

Working capital financed by banks 6. We proceed in two parts. First, from the firm survey,
we recover total expenses Z, which include intermediate consumption, investment, wage bill, and
financial expenses. Let 77 Z be the financial expenses and r” the interest rate paid.

Second, we need to obtain a value for r~. The only interest rate data available for Peru in our

period of analysis is the average real interest rate for loans across all banks. We take the average
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between 2006 and 2018 to set 7 = 0.11.2* With this, we recover a firm-level value for 6. Finally,
we calculate the median across all firms and years to find 6 = 0.16.

Commodity price to deposit elasticity 5. We refer to the estimation of Equation 1.3 to recover
this elasticity, where we found 5 = 22.171. This implies that a hike in the mining commodity price
increases the amount of deposits held by the mining-exposed banks.

Elasticity of substitution across banks in loan bundle ¢ and bank cost function parameter
¢. To recover these two parameters, we start from the loan-level and firm-level equilibrium con-
ditions of the model and derive expressions that correspond with Equations 1.4 and 1.5. We show
the detailed steps in Appendix A.2.5.

Thus, we are able to express the estimated coefficients ¢ and x in terms of the structural param-
eters of the model so that { = e and k = (0 — 1) 0¢p5. Given that we know the numerical values
of estimated coefficients 3, (, and &, as well as calibrated parameters ¢ and 6, we find ¢ = 3.879
and ¢ = 0.066.

Shocks. In the next section, we simulate a commodity price shock p/@ = 2.57, which is
equal to the observed change in the weighted relative mining price index across all minerals that
Peru exports between 2003 and 2011. We choose 2003 as the starting point because it marks the
beginning of the boom, while we pick 2011 as the end point of the simulation because it is when
mining commodity prices reached their peak, as seen in Figure 1.1.

We target the observed change in Peruvian GDP between 2003 and 2011 by choosing the change
in TFP. We set A = 1.13 for all exportable and non-tradable intermediate firms.”* Within the
model, we also have additional shocks that help us match the data. We set these shocks to match
their observed changes in the data between 2003 and 2011. We set the market foreign interest rate
7 = —0.02, and the equity [/(\b = 2.22 for all b.* Lastly, our focus being on commodity price

shocks, we assume that the price of the exportable non-commodity good does not vary, so pX = 1.

1.6 Quantifying the Aggregate Importance of the Financial

Propagation Mechanism

In this section, we conduct simulations using the hat algebra version of the model to quantify the
aggregate importance of the financial propagation mechanism during commodity booms. Specif-
ically, we first simulate the model with the financial propagation mechanism activated, using the

calibration and shocks defined in the previous section. Next, we simulate the model under the

23This is a weighted average of domestic currency-denominated and dollar-denominated loans.

24 As a comparison, the change in Peruvian TFP at constant national prices in between 2003 and 2011 according to
the Penn World Table is 1.12.

25We provide details on the data underlying the shocks in Appendix A.2.6.
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same calibration and shocks but with the financial propagation mechanism turned off. We define
the aggregate importance of the financial propagation mechanism as the difference in GDP growth

rates between these two scenarios.

1.6.1 Main Simulation

Table 1.5 reports the results of the main simulation. Columns 1 and 2 show the moments coming
from the data and the model, respectively. First, our baseline simulation hits the targeted moment.
The baseline simulation predicts a GDP growth GDP of 65 percent, as we see in the data. Second,
related to the untargeted moments, we focus on the change in consumption ¢, in non-commodity
output yN/C\O , in imports M , real exchange rate rer, average loans Z;, average deposits I?\b, average
wholesale funding ]/V\b and average loan interest rate rAbL . Our baseline simulation gets fairly close
to the untargeted moments.?®

Within our model, a commodity price boom that raises firm deposits reduces the need for banks
to rely on foreign wholesale funding. First, this decreases the premiums banks pay for foreign
wholesale funding, enabling them to charge lower interest rates to non-tradable intermediate firms.
This lowers the production costs of non-tradable intermediate firms and constitutes an interest rate
channel effect that drives GDP upward.

Second, because the amount of foreign wholesale funding decreases, there are fewer financial
outflows to the foreign sector and more resources remain in the domestic economy. This leads
to an increase in imports, which also raises consumption of the tradable good. Because tradable
goods are complements with non-tradable goods, the demand for non-tradable goods rises as well.
This is a wealth channel effect that also contributes to GDP growth.

To quantify the aggregate importance of the financial propagation mechanism of commodity
booms, we perform a counterfactual simulation in which we simulate the model with the same
calibration and shocks as before but turn off the financial propagation mechanism. In terms of
the model, this means setting 5 = 0. Therefore, firm deposits do not vary when there is a mining
commodity price shock. We present the results of the counterfactual simulation in Column 3, while
Column 4 shows the difference between the baseline and the counterfactual scenarios.

Under the counterfactual scenario, GDP still grows, but at a lower rate than in the baseline
scenario. The difference between the two cases, which we interpret as the aggregate importance of
the financial propagation mechanism of commodity booms, is 6 percentage points or approximately
one tenth of the observed GDP growth in the baseline case. We now turn to explain this difference.
In the counterfactual scenario, there is still a positive wealth shock to the economy that generates an

increase in loan demand. However, with the financial propagation mechanism turned off, deposits

26We provide details on the data-based moments in Appendix A.2.6.
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Table 1.5: Main simulation

(D (2) (€)) “4)
Variable Data, Baseline: CF: Baseline
2003-2011 Fin. mech. No fin. minus CF
mech.
(8=0)
Targeted moment
GDP 1.65 1.65 1.59 0.06
Untargeted moments
c 1.83 2.00 1.89 0.11
yNCo 1.71 1.66 1.61 0.05
cM 2.24 2.15 2.00 0.14
rer 0.77 0.87 0.89 -0.02
Ave. L, 2.34 2.46 2.23 0.23
Ave. D, 3.02 2.49 1.00 1.49
Ave. N, 8.54 4.24 6.65 -2.41
Ave. rbL -0.05 -0.08 -0.02 -0.06

Note: Column 1 shows data moments. Column 2 shows moments from baseline simulation with financial propagation mechanism.
Column 3 shows moments from counterfactual simulation with no financial propagation mechanism. Column 4 shows the difference
between baseline and counterfactual. All moments are expressed in percentage variations between initial and final states. We report
the complete set of results in Appendix A.2.7. For the bank-related variables, the model-based moments are averages computed using
loan-based weights of each bank in total loans. These weights are calibrated according to observed data. For these same variables,
the empirical untargeted moments are based on the change of the aggregate variable.

do not increase, so banks now require more foreign wholesale funding. First, this drives up their
premiums and interest rates charged. Thus, non-tradable intermediate firms do not take out loans
as much as in the baseline. Second, a higher amount of debt increases the financial outflows to the
foreign sector and reduces the resources available in the domestic economy, which implies fewer
imports and lower demand for non-tradable goods. These two channels reduce the GDP growth
rate.”’

We interpret this result as a lower bound of the aggregate importance of the financial propa-
gation mechanism of commodity booms. First, the model is calibrated using data from medium
to large firms coming from the firm survey. This excludes small firms, who presumably are more
financially constrained than their larger counterparts and would react more strongly to an increased
loan supply. Second, our simulation includes other shocks, which decreases the relative importance

of the financial propagation mechanism.

2"In Appendix A.2.8 we explore the sensitivity of the model results under alternative parameterizations.
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1.6.2 Simulation with Only a Commodity Price Shock

In this section, we isolate the effects of a commodity price shock by simulating the model with
only this shock, excluding any other disturbances. Thus, the model economy is subject to a pure
wealth increase coming from the commodity price shock, more in line with the standard SOE
macroeconomic models. To do so, we conduct the simulation by introducing a positive commodity
price shock p/@ = 2.57 to the model, under the same baseline calibration outlined earlier, but
turning off the other shocks (i.e., A= 1,7=0, and }/(\b =1 for all b).

Table 1.6 presents the results after the commodity price shock. Under the baseline case, with
the financial propagation mechanism turned on, GDP grows by 32 percent. When we turn off
the financial propagation mechanism, GDP grows by 25 percent. Thus, the financial propagation
mechanism accounts for 7 percentage points or approximately one fifth of what we observe in the
baseline case. Alternatively, we can say that the financial propagation mechanism amplifies the
GDP growth rate observed in the counterfactual case by approximately 28 percent.

The channels behind this result remain the same as before: The increase in deposits reduces the
need of banks to obtain foreign wholesale funding, which results in lower financial outflows and
lower interest rates. However, in the absence of the other complementary shocks from the main
simulation that helped us match the data, the financial propagation mechanism becomes more

important in driving the baseline GDP growth.

1.7 Conclusions

This paper proposes a novel financial propagation mechanism in SOEs in which commodity price
booms affect the non-commodity sector through domestic banks. Following a boom, exporters
increase their deposits in domestic banks, enabling banks to expand loans to non-commodity firms.
In turn, non-commodity firms increase their output.

Using bank-firm-loan microdata from Peru, an SOE that went through a mining commodity
price boom in the 2000s, we find empirical support for this mechanism. We document that banks
are heterogeneously exposed to the mining sector, as each holds a different mining client com-
position. After an exogenous rise in mining commodity prices, banks with higher exposure to
the mining sector see increased firm deposits and expand their loan supply to non-mining firms.
Furthermore, non-mining firms exposed to mining prices through their banks register a boost in
output.

We incorporate this mechanism into a static SOE model with banks and an endowment com-
modity sector to quantify the aggregate importance of this mechanism. We calibrate the model to

Peruvian data and replicate key economic moments. A counterfactual analysis suggests the finan-
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Table 1.6: Commodity price shock-only simulations

(1) 2) 3)
Variable Baseline: CF: Baseline
Fin. mech. No fin. minus CF
mech.
B=0
GDP 1.32 1.25 0.07
¢ 1.65 1.51 0.14
yNCo 1.23 1.17 0.06
M 1.87 1.68 0.19
e 0.78 0.81 0.03
Ave. L 2.35 2.02 0.33
Ave. D, 2.49 1.00 1.49
Ave. N, 6.13 7.79 -1.66
Ave. 7l -0.06 0.00 -0.06

Note: Column 1 shows moments from baseline simulation with financial propagation mechanism. Column 2 shows moments from
counterfactual simulation with no financial propagation mechanism. Column 3 shows the difference between baseline and counter-
factual. All moments are expressed in percentage variations between initial and final states. We report the complete set of results in
Appendix A.2.7. Averages for the bank-related model variables are computed using loan-based weights of each bank in total loans.
These weights are calibrated according to observed data.

cial propagation mechanism accounts for one tenth of the observed 65 percent GDP growth in Peru
during the 2003-2011 boom.
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CHAPTER 2

Aggregate Implications of Heterogeneous Inflation

Expectations: The Role of Individual Experience

Abstract

We show that inflation expectations are heterogeneous and depend on past individual experiences.
We propose a history-based expectations-augmented Kalman filter to represent consumers’ hetero-
geneous inflation expectations, where heterogeneity comes from an anchoring-to-the-past mech-
anism. Using survey data, we show that the model replicates US consumers’ inflation expecta-
tions and its heterogeneity across cohorts. We introduce this mechanism into a New Keynesian
model and find that heterogeneous expectations anchor aggregate responses to the agents’ infla-
tion history, producing sluggish expectations dynamics. Central banks should be active to prevent

inflationary episodes that agents will remember far into the future.

2.1 Introduction

Inflation expectations matter for decisions at both the firm and the household levels [Coibion et al.,
2023, 2020, Hajdini et al., 2022b]. Given their importance, there is an increased interest in mea-
suring them and exploring what determines their formation process. The recent literature shows
that individuals form inflation expectations, for instance, based on their recent buying experience
[D’Acunto et al., 2021] and historical experiences regarding aggregate inflation [Malmendier and
Nagel, 2016]. While most studies on this topic provide empirical evidence regarding how differ-
ences in inflation expectations arise at the individual level and their effects on different micro-level
decisions, there is less understanding of the aggregate implications associated with the inflation ex-
pectations’ heterogeneity observed in the data. There is a noticeable gap in the literature between

the empirical micro-level findings and macroeconomic models.

I'This chapter is co-authored with Mathieu Pedemonte and Esteban Verdugo.
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This paper aims to fill this gap. First, we show that individuals’ inflation expectations depend on
their history of inflation, confirming the main empirical finding of Malmendier and Nagel [2016]
but using new US and international evidence.>? Using detailed micro-level data, we find that (i)
inflation expectations are heterogeneous across cohorts, (ii) inflation experiences are clustered by
age, (ii1) individual inflation history is positively correlated with inflation expectations, and (iv)
there are no differences between cohorts in updating to current information, after controlling for
their own history.

These facts suggest that consumers use their history of inflation to form expectations by posi-
tively weighing their past inflationary experiences.® We propose a model of inflation expectation-
formation process where consumers weigh past experiences. We depart from the full information
rational expectations model by presenting a framework where individuals use their past inflation
histories and compare them to current information rationally gathered from signals.

Under the proposed framework, inflation expectations have two components: a forecast made
with current shared information between agents and an idiosyncratic referential term that de-
pends on individuals’ past experiences. We structurally estimate the parameter governing the
expectations-formation process, using the history of forecasts consumers would make in the model
according to signals associated with their shopping experiences. As all respondents share current
information, we control for the common forecast using time-fixed effects. The resulting estimation
for the coefficient is less than zero, implying that consumers positively weigh their inflation history
to the detriment of current unexpected news.*

We model the shared component following a standard signal-extraction procedure. Based
on works exploring reference prices through consumers’ shopping experiences [D’Acunto et al.,
2021] and recent evidence showing that consumers use some food prices to form inflation expec-
tations [D’Acunto and Weber, 2022], we use the lagged inflation rate of the food component of
the CPI as a signal of the non-observed aggregate inflation variable.’ Then, we construct a cohort-

specific inflation expectations measure using (i) the already computed shared component, (ii) an

2While Malmendier and Nagel [2016] use the University of Michigan’s Survey of Consumers (MSC), in sections
2.3 and 2.4 of this paper, we provide external validity to their result by using a different data source with panel
characteristics: the Survey of Consumer Expectations (SCE) from the Federal Reserve Bank of New York. In addition,
in Appendix B.7, we show that the finding is consistent at the international level even after controlling for common
cohort characteristics.

3This could interpreted as in the availability bias [Tversky and Kahneman, 1973], where consumers would use
the information available (their experience) to form expectations, over-weighing their history instead of using more
complex models that are necessary to form expectations about future economic variables.

“4This result does not imply that agents cannot overreact to current news. Our empirical exercise shows that the
proposed expectation modeling framework explains the heterogeneity observed across cohorts. However, the presence
of a common component in the modeling allows for a common overreaction to some current news.

3Qur findings are robust to using more specific signals such as CPI’s food at home or dairy components, which,
according to D’ Acunto and Weber [2022], are the prices that US consumers primarily consider when forming inflation
expectations.
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idiosyncratic element related to the inflation history of the cohort, and (iii) the coefficient value
estimated in the empirical section of the paper.

With our cohort-specific inflation expectations measure, we obtain model-based forecasts that
closely match the inflation expectations observed in the data across cohorts and time. Regressing
our model-based cohort-specific expectations on the individual expectations observed in survey
data delivers a statistically significant coefficient of 1.069. Although the model-based inflation
forecasts do not use micro-level information on inflation expectations, they predict consumers’
survey data remarkably well. By using these two simple consumer references — shopping expe-
rience and history of inflation — we can effectively model survey households’ expectations. This
paper shows that consumer expectations surveys contain relevant and meaningful information that
can be modeled.

As in Bianchi et al. [2021] and L’ Huillier et al. [2021], we incorporate our proposed expectation
formation process into a New Keynesian model.® Our proposed framework differs from and com-
plements these works. Bianchi et al. [2021] and L’Huillier et al. [2021] use a rational expectations
operator, such that agents overreact to any news in a representativeness heuristic way [Kahneman
and Tversky, 1972] and where full information characterizes the most likely scenario.” We model a
history-based heuristic instead. We explicitly incorporate agents’ history into the model and use it
as their referential information. Due to this approach, we can exploit cohort-specific time-evolving
history and show that consumers use this availability heuristic in their expectation formation pro-
cess. Hence, agents’ inflation experiences are over-sampled [Bordalo et al., 2023] as the past is
over-extrapolated [Angeletos et al., 2021].

We then explore the macro implications of this micro-level heterogeneity in expectations, where
we allow households to form expectations according to the proposed framework. In our model,
while old generations have their expectations shaped mainly by their past, new generations are
highly influenced by recent developments. We find that heterogeneous expectations anchor the
aggregate inflation and output gap response to agents’ history. At the same time, they also increase
the duration of the effects of the shocks.® After an inflationary shock, the model produces hump-
shaped expectations. This reaction is consistent with over-extrapolation as in Angeletos et al.

[2021]. Consumers react slowly to the inflationary shock in the first few periods, as they are tied

They include the diagnostic expectation model proposed by Bordalo et al. [2020] into a Dynamic Stochastic
General Equilibrium (DSGE) model. While Bordalo et al. [2020]’s model is an overreaction model, we use and extend
their framework to allow for a negative distortion parameter, in their case, the diagnosticity parameter. In the following
sections, we explain our microfundation. Notice that Bianchi et al. [2021] and L’Huillier et al. [2021] solutions also
apply to our type of model.

’See Benjamin [2019] for a discussion on the implications of the assumptions of the diagnostic expectations
model.

8While we could incorporate other forms of heterogeneity and biases related to experience-based mechanisms on
the firm or the government side of the economy, in this paper, we introduce non-rational heterogeneous expectations
only at the household level. We opt for this option mainly because of data availability motives.
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to their reference from the steady state. This first reaction is consistent with randomized controlled
trial evidence showing that consumers weigh their priors and do not react one-to-one to current
or future inflation news [Weber et al., 2023]. After witnessing higher inflation (and new cohorts
entering the economy in a high-inflation environment), consumers get tied to this new inflationary
reference and over-extrapolate the shock, overreacting in their forecast. From the aggregate results,
we infer individual heterogeneous consumption and labor reactions.

We perform an optimal Taylor rule exercise where the central bank seeks to minimize the ex-
pected volatility of the economy by optimally choosing the parameters of a Taylor rule. When
we allow for heterogeneous expectations in the model, agents have long memories and remember
current shocks far into the future. After a negative supply shock or a positive demand shock, the
optimal response of the central bank is to be more active compared to the full information ratio-
nal expectations case. In this manner, the monetary authority prevents inflation from rising and
prevents agents from incorporating a high inflation episode into their memories.

This paper has important implications for explaining past inflation dynamics and learning about
the future consequences of recent economic developments. Since 2021, a new cohort of consumers
worldwide has been experiencing relatively high inflation for the first time. According to our find-
ings, this high-inflation episode could have consequences in the medium run since consumers in-
corporate this episode into their history of inflation, adjusting future expectations.® Our framework
shows that accommodating high inflation produces higher and more persistent inflation expecta-
tions, which in turn generate a higher and more persistent inflation rate in the future. Our findings
help us understand why inflation has persisted in the past, why consumers’ inflation expectations
are persistent today, what to expect from episodes of unusually high inflation, and how central
banks should react to such episodes.

The rest of the paper is organized as follows. Section 2.2 discusses recent works on the topic.
Section 2.3 provides empirical results regarding consumers’ heterogeneity in inflation expecta-
tions. We empirically model inflation expectations depending on the history of inflation expe-
rienced by cohorts in Section 2.4. Section 2.5 discusses the aggregate implications arising from
heterogeneous inflation expectations. Section 2.6 shows results obtained for an optimal Taylor rule
exercise. We analyze the high-inflation episode of 2021 through the lens of our theoretical model

in Section 2.7. Finally, Section 2.8 concludes.

2.2 Literature review

Recent macroeconomic models show the relevance of heterogeneity in explaining aggregate fluc-

tuations. However, the focus has been almost exclusively on households’ financial constraints

°In a recent work, Salle et al. [2024] find that people use their lifetime inflation experiences to form expectations.
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[Kaplan et al., 2018]. Moreover, there are few studies on the aggregate role of expectations het-
erogeneity. Although surveys show significant heterogeneity across firms [Coibion et al., 2018]
and households inflation expectations [Hajdini et al., 2022c], few works study its macroeconomic
implications. A notable exception is Afrouzi [2020], which shows that heterogeneity in firm-level
inflation expectations, coming from different levels of attention due to endogenous information
acquisition on competitors’ beliefs, amplifies monetary non-neutrality. Our paper focuses on the
heterogeneity of expectations from the household side. In our framework, households’ hetero-
geneous inflation expectations anchor the response of aggregate variables to agents’ memories,
increasing the persistence of the effects of shocks. Therefore, an energetic reaction from monetary
authorities prevents current high inflation and prevents agents from incorporating high-inflation
episodes into their memories, thus preventing higher future inflation expectations.

Recent empirical literature shows that households’ inflation expectations depart from full infor-
mation rational expectations and are heterogeneous. Relevant to our paper, Malmendier and Nagel
[2016] document that households present learning from past inflation mechanisms when forming
inflation expectations. People who have experienced higher inflation rates in the past have higher
future inflation expectations. Salle et al. [2024] also find that people use their lifetime inflation
experiences to form expectations. Those experiences affect how they interpret recent data and
their trust on the monetary authority. Therefore, heterogeneity of inflation expectations naturally
arises due to different experiences with past inflation rates. Malmendier et al. [2021] discuss sim-
ilar results, while other works focus on exploring other heterogeneity sources across firms and
consumers [Hajdini et al., 2022c].

Households’ inflation expectations depend on more than just past experiences. Evidence shows
they also respond to other variables such as professional forecasts [Carroll, 2003], prices expo-
sure [D’Acunto et al., 2021], and socioeconomic characteristics [D’Acunto et al., 2022], among
others.!” This departure from full information rational expectations and the presence of hetero-
geneity is relevant since households’ inflation expectations affect a broad set of households’ de-
cisions [Roth and Wohlfart, 2020, Hajdini et al., 2022b]. For instance, Malmendier and Nagel
[2016] shows that inflation expectations influence individuals’ financial decisions, while Coibion
et al. [2023] confirms that inflation expectations partly determine households’ spending on durable
goods.

The model proposed in this paper features monetary policy, a learning from the past mechanism,
and overlapping generations, connecting the paper to several strands of the theoretical literature.
First, our model closely follows the literature enclosing behavioral New Keynesian models such

10 Although our focus is on the household side of the economy, evidence shows that professional forecasters depart
from rational expectations too [Coibion and Gorodnichenko, 2015, Bordalo et al., 2020, Gati, 2020]. On the other
hand, due to data availability, evidence on firms’ expectations is notably scarce [Candia et al., 2022].
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as the ones proposed by Branch and McGough [2010], Gabaix [2020], Gati [2020], and Pfiuti
and Seyrich [2023]; as well as behavioral overlapping generations models as in Adam [2003].
By considering overlapping generations in a New Keynesian context, we relate, for instance, to
Gali [2021]. By stating that cohorts show heterogeneity in expectations because of different ex-
periences, we connect to papers unrelated to monetary policy but where different cohorts have
different beliefs about the future, such as Collin-Dufresne et al. [2017] and Kuchler and Zafar
[2019].

Our model of non-rational and heterogeneous expectations is also inspired by the diagnostic ex-
pectations literature, as introduced in Bordalo et al. [2018, 2019, 2020].!! Bianchi et al. [2021] and
L’Huillier et al. [2021] provide recent applications of this framework in macro monetary settings.
We use that setting to incorporate our findings into a general equilibrium model in a tractable way.

Besides diagnostic expectations, a large body of literature analyzes the implications of departing
from the full information rational expectations assumption. Among the main examples, we include
the set of papers related to the imperfect information approach [Mankiw and Reis, 2011], the com-
plex systems/animal spirits/heuristic approach [De Grauwe, 2011, Jump et al., 2019], the sticky
information approach [Mankiw and Reis, 2002], and the adaptive learning approach [Marcet and
Sargent, 1989, Evans and Honkapohja, 2001]. However, only some of these papers have studied
how heterogeneity in expectations arises and its macroeconomic consequences.

Our findings are closely related to those of Malmendier and Nagel [2016], who use adaptive
learning to approximate cohorts’ heterogeneous inflation expectations. Instead, we opt for a con-
stant forecasting revision Kalman filter model. While we also rely on constant gain, the selection
of parameters in our framework is primarily data-driven. Our approach allows us to incorporate
a current shared forecast component using a standard Kalman filter and a structure incorporating
past inflation experiences.

Our paper shows that cohorts do not adjust their expectations differently in response to current
inflation news. Our results suggest that younger cohorts implicitly put more weight on current
information but adjust to the news data similarly to older cohorts. In other words, younger cohorts
do not react more strongly to inflation news than older cohorts. In that sense, our modeling follows
Malmendier and Nagel [2016] by incorporating a method consistent with the availability heuristic
by using past experiences and allowing agents to use the new information to form expectations.
Following recent evidence showing that agents form expectations based on their shopping experi-
ences [D’Acunto et al., 2021, D’ Acunto and Weber, 2022], we use a Kalman filter approach where
agents get signals from current food prices to model the expectation formation process. In addi-

tion, our approach is flexible enough to be incorporated into a general equilibrium framework as

"1Qur approach is also related to broader signal extraction/noisy information approaches such as the ones proposed
in Woodford [2001] and Blanchard et al. [2013], among others.
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Figure 2.1: Average 12-months-ahead inflation expectations
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Note: The figure shows the 12-month moving average for the 10 percent and 90 percent trimmed mean for each cohort using the
point forecast. We use population weights. Data goes from June 2013 to December 2021. Ages correspond to the interviewee’s age
at the time of the survey. The vertical line denotes March 2021. The current inflation rate measure is based on the monthly YoY
percentage variation of the CPI.

Source: Survey of Consumer Expectations, Federal Reserve Bank of New York.

some other recent studies [Bianchi et al., 2021, L’Huillier et al., 2021].

2.3 Empirical facts

This section reviews some empirical facts related to heterogeneous inflation expectations at the
household level. We show how these expectations are correlated with past experiences regarding
the aggregate inflation variable. These empirical facts motivate and guide the theoretical model of
the paper.

Malmendier [2021] and D’ Acunto et al. [2022] document that consumers’ experiences influence
their inflation expectations. Thus, individual experiences are a source of expectation heterogeneity.
This paper focuses on how aggregate inflation experiences influence idiosyncratic inflation expec-
tations, as in Malmendier and Nagel [2016]. In the US economy, this heterogeneity in inflation
expectations became more evident after the high-inflation episode of 2021, when inflation surged
after 30 years of low and stable rates.

For this section, we use data from the Survey of Consumer Expectations (SCE) of the Federal

Reserve Bank of New York. This data set is a US-wide rotating panel with information between
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March 2013 and December 2021, where each respondent is surveyed for a maximum of 12
contiguous months. This data set is handy for our purposes because it provides high-frequency
data on American households’ inflation expectations in two different periods of the US economy.
In particular, we focus our analysis on respondents’ 12-months-ahead point forecast. The
12-months-ahead inflation rate is computed as the inflation rate existing between the current

month and 12 months after the current month.'?

Fact 1: Inflation expectations are heterogeneous across cohorts.

Figure 2.1 shows the mean 12-months-ahead inflation forecast by cohort. The heterogeneity
across cohorts is evident. The oldest (65+) and the second oldest cohort (45-64) have higher
mean inflation expectations throughout most of the sample. Those cohorts experienced a period of
high inflation in the 60s, 70s, and early 80s. Regarding inflation forecast value, these cohorts are
followed by intermediate cohorts (25-34 and 35-44), who experienced the stable and low inflation
rates of the 90s, 00s, and 10s. Finally, the youngest cohort (18-24) shows the most volatile mean,
following the current inflation rate most of the time. The mean value of this cohort notably

increased after the high-inflation episode of 2021, surpassing older cohorts’ expectations.

Fact 2: Inflation experiences are clustered by age.

Figure 2.2 plots the average lifetime inflation rate people have experienced according to their
age in the years 2020 and 2021. In the US, the average lifetime inflation rates are clustered by age.

The heterogeneity of average experienced inflation rates across cohorts results from the different
inflation-related events Americans have gone through. Older cohorts have experienced events such
as the Great Inflation period (1965-1982), characterized by high and persistent inflation. Thus,
these cohorts have a higher lifetime average inflation rate, regardless of the year we calculate.
Meanwhile, intermediate cohorts have experienced low and stable inflation rates throughout the
80s, 90s, 00s, and 10s. Therefore, they present lower values on the lifetime average inflation
rate. For older and intermediate cohorts, experiencing the high-inflation episode of 2021 did not
significantly affect their lifetime average inflation rate.

In contrast, youngest cohorts show a significant change between 2020 and 2021. Until 2020,
the youngest cohorts had not experienced high inflation, showing low lifetime average inflation
rates. However, after being exposed to the high-inflation episode of 2021, their lifetime average

inflation rate dramatically increased.

12Specifically, consumers are asked to answer first the following question: “The next few questions are about
inflation. Over the next 12 months, do you think that there will be inflation or deflation?” After indicating if they
forecast inflation or deflation, they are asked to give a numerical answer to the following question:“What do you
expect the rate of inflation/deflation to be over the next 12 months? Please give your best guess. ”
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Figure 2.2: Lifetime average inflation rate among respondents
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Note: The figure shows the mean of the monthly YoY CPI-based inflation rate that people of the age indicated in the years 2020 and
2021 have experienced in their lifetimes, starting when they were age 18.
Source: Bureau of Labor Statistics.
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Figure 2.3: Inflation point forecast and average lifetime inflation
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Note: The figure shows binned scatterplot across lifetime average inflation bins. We residualized the variables by respondent gender
and commuting zone. Data goes from June 2013 to December 2021. Ages correspond to the interviewee’s age at the time of the
survey. The average lifetime inflation rate measure is based on the monthly YoY percentage variation of the CPI.

Source: Survey of Consumer Expectations, Federal Reserve Bank of New York and Bureau of Labor Statistics.

Fact 3: A higher average lifetime inflation rate is correlated with a higher point forecast.

Tying together both previous empirical facts, Figure 2.3 shows that people who have experi-
enced higher average inflation rates during their lifetimes, when surveyed, tend to give a higher
inflation point forecast.'> We formally test this result in Table 2.1. Columns 3 and 4 of this ta-
ble conclude that the inflation experienced significantly affects individuals’ inflation expectations,
even after controlling for the current environment and individual characteristics.

This fact provides empirical support for the literature on learning from past experiences [Mal-
mendier and Nagel, 2016, Malmendier, 2021, Malmendier et al., 2021, Malmendier and Wachter,
2022] pointing to a possible source of heterogeneity in inflation expectations: past experiences
with the aggregate inflation variable.

While the evidence we provide here is for the US economy, in Appendix B.7, we find similar
evidence for a panel of European countries. With this European data set, we show that the pattern
(1) is present beyond the US and (i1) does not arise from cohorts’ systematic characteristics but
because of cross-country heterogeneous inflation experiences. In the panel of countries we use,

we observe different inflation histories across countries that are not necessarily similar to the

13We control for observable characteristics of the respondent except for the age and period variables.
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US experience. Again, we find that average inflation experience positively relates to individual
inflation expectations, even after including country-time fixed effects and, more importantly,
cohort fixed effects. This last set of fixed effects controls for the fact that cohorts can have biases
because of motives related to their age. In this sense, Hajdini et al. [2022a] find similar evidence

using a survey for a panel of countries.

Fact 4: After controlling for the average lifetime inflation rate, younger cohorts do not

react more strongly to inflation news than older cohorts.

We test whether younger generations react more strongly to the current economic environment
after controlling for their average lifetime inflation. This exercise aims to inform the modeling
approach we will take. The marginal contribution of new information for younger cohorts is higher,
as they have a shorter history. Assuming constant weights implies that new information will matter
more, especially in the context of persistent inflation. From a modeling perspective, we want to
know whether cohorts react differently to news, conditional on their cohort-dependent marginal
contribution of new information. These findings help us to discriminate between models.

We test this hypothesis through individual-level regressions presented in Table 2.1. Similar to
the results of other papers using information treatment [Hajdini et al., 2022b], Column 1 of this
table shows that all individuals react to current inflation events. These results also confirm the
existence of a positive relationship between the inflation forecasts and average lifetime inflation
rates, as we saw previously in Figure 2.3, even after considering current inflation.

To study whether there are different reactions across cohorts, we run regressions that consider
interactions of current inflation with a cohort indicator variable. Column 2 of Table 2.1 shows
the corresponding results. After controlling for average lifetime inflation, the interaction term has
no statistically significant effect. There are no different reactions to current inflation news across
cohorts. We confirm the finding by performing an F-test where the null hypothesis is that all
interactions are jointly equal to zero. The test gives a p-value of 0.39, so we cannot reject the null
hypothesis. In addition, this conclusion holds in a sample of European countries, as we show in
Table B.7 of Appendix B.7. Together, these results suggest that the main source of heterogeneity

across cohorts comes from different past experiences regarding inflation.'*

2.4 A simple model with heterogeneous expectations

In this section, we propose a history-based expectations-augmented Kalman filter as the process

by which agents form their inflation expectations. We begin with a simple model that provides a

4Furthermore, in Appendix B.4 we assume the structure of a standard Kalman filter and provide empirical evidence
that provides support for the hypothesis of different cohorts not reacting differently to inflation signals.
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Table 2.1: Effects of current and experienced inflation rates on inflation expectations

Dep. var.: Inflation expectations (D (2) 3) 4)
Average lifetime inflation 0.332%%%  (0.260%** (.209#**  (.250%**
(0.026) (0.065) (0.025) (0.022)
Current inflation 0.524*%*  (),632%%**
(0.016) (0.118)

Cohort 25-34 -0.080

(0.310)
Cohort 35-44 -0.131

(0.302)
Cohort 45-64 -0.010

(0.319)
Cohort 65+ 0.062

(0.325)
Current inflation x 25-34 -0.163

(0.128)
Current inflation x 35-44 -0.099

(0.126)
Current inflation x 45-64 -0.080

(0.122)
Current inflation X 65+ -0.141

(0.126)
Time FE No No Yes Yes
Controls No No No Yes
Observations 105,415 105,415 105,415 105,402
R-squared 0.057 0.058 0.091 0.198

Note: Table shows regressions where the dependent variable is inflation expectations according to the Survey of Consumer Expecta-
tions (SCE) of the Federal Reserve Bank of New York. Column 1 shows controls by the average lifetime inflation of respondents of a
given age at each period of time and the last inflation measure. Column 2 follows (1) but adds cohort fixed effects and the interaction
of those cohort fixed effects with the current inflation. Column 3 follows Column 1 but adds time fixed effects and, hence, omits
the current inflation variable. Column 4 follows Column 1 but adds time fixed effects and demographic controls. The demographic
controls are income, gender, Hispanic origin, race, educational level, numerical proficiency, and commuting zone. The current infla-
tion rate measure is based on the monthly YoY percentage variation of the CPI. Standard errors clustered by age. *** p<0.01, **
p<0.05, * p<0.1. The dependent variable is trimmed, dropping the lower and upper 10 percent of answers in each period.
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good starting point where differences in agents’ personal experiences do not imply heterogeneity in
expectations. Given the absence of private information, we show that the observed heterogeneity
cannot arise from a standard Kalman filter. Then, by introducing a history-based expectations-
augmented Kalman filter, we explain how the private inflation history distorts the expectations,
producing inflation forecast heterogeneity. Moreover, we estimate the corresponding distortion
parameter and close the section by comparing the heterogeneous rates of inflation expectations

generated by our proposed framework and those observed in the data and presented in Figure 2.1.

2.4.1 Standard Kalman filter
2.4.1.1 Setup

The economy is populated by different cohorts indexed by 7. These cohorts are heterogeneous in
their dates of birth and the inflation history they have experienced. Since there is no heterogeneity
within cohorts, a single representative agent summarizes the situation of each one of these groups.
In a given period ¢ + 1, the level of inflation 7;,; is defined according to the following random

walk process'

M1 = Tt + Ey,

where ¢, is a normally independent and identically distributed inflation shock. We assume that,
in a given period ¢, agents wish to forecast the future inflation rate 7;;, but they only observe a
noisy signal of this variable. In other words, the agents face a standard signal extraction problem.

To simplify the analysis, in a given period ¢, we assume that the signal s; is defined as

5t = (M1 + Uy,

where the coefficient ( > 0 denotes the pass-through existing between the unobserved variable
41 and its corresponding signal s;, and v; is a signal noise. We assume that this noise is a
normally independent and identically distributed variable. Moreover, we allow for a non-zero
covariance between both shocks to consider the existence of some elements causing correlated

movements in both the observed signal and the unobserved variable. Therefore, we have

15We opt for a random walk process instead of a first-order auto-regressive (AR(1)) specification because the data
cannot reject the hypothesis that the monthly inflation rate has a unit root. We provide a more thorough discussion
in Appendix B.3. Also, see Pivetta and Reis [2007] for a discussion on the very high persistence of the (quarterly)
inflation rate in the US. To complete our analysis, in Appendix B.5, we show the model’s results when the inflation
series follows an AR(1) process. These results are very similar to those found under the random walk assumption.
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As a further simplification, we assume the model has no private information. In other words, all
of the agents receive precisely the same signal. Since the agents face a standard signal extraction
problem, we assume they generate inflation forecasts using this variable’s conditional expected
value. More precisely, given their information set in period ¢, the agents apply a linear Kalman

filter to forecast inflation in period ¢ + 1. Therefore, the inflation’s predicted value is given by

EthF [7Tt+1] = (1 - CK) Eth}:l [7Tt+1] + Ksy, (2.1)

where K denotes a standard Kalman gain.'® Conditional on agents’ past and current signals,
the Kalman filter approach allows us to characterize the forecasted distribution of the unobserved
variable 7,1 in any period . When the signal is perfectly revealing about the true state of the
variable, we observe ( = 1, v; = 0, and 0., = 0. Therefore, we conclude K = (K = 1 and
IE{;F [mi11]) = s¢ = m1. The presence of a signal noise induces X € [0,1) even without a
correlation between both error terms.

Regarding long-run values of inflation expectations, from the Kalman-based forecast equation
and using the random walk structure associated with the inflation variable, we conclude that given

h > 1, we must have

EthF [W t+h] = ]Ei[,(tF [W t+1] .

Finally, and considering the parameter v = (1 — (K) € [0, 1], the Kalman filter prediction can

be written recursively as

t
EftF [ﬂ—t-l-l] = 7t+1E{,{—F1 [77'0] + K ZVt_j (Cﬂj-s-l + Uj)
7=0

Therefore, using this simple version of the model, we conclude that higher values of past infla-
tion imply a higher forecasting value of this same variable. However, agents’ personal experiences

are not associated with heterogeneity in expectations. According to this model, agents who lived

16As usual in the literature, this signal-to-noise ratio is defined such that it minimizes the variance of the pre-
diction error associated with the unobserved variable, i.e., T4 — EﬁF [m¢+1].- The Kalman gain that solves this
optimization problem depends on the covariance existing between the error associated with the observed signal and
the unobserved variable and the constant X, 1,1 = Var [m11 — EfF | [m441]]. See Cheung [1993] for an example
of a Kalman gain that considers these terms. Regarding the constant 3 1;_1, it can be shown that it must satisfy
(Str1)e—1 — 02) ((PBpq1pp—1 + 02 + 2(00) — (0284 414—1 — 02,) = 0. We opt for a constant Kalman gain as it is
a convenient assumption for the dynamic model explored in the following sections. However, we find similar results
when we use time-varying gains.
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through episodes of high inflation forecast an inflation value identical to those who lived through
episodes of low inflation. Given a starting point assumption where every agent observes the initial
level of inflation, i.e. E[*| [m] = m for every agent i, we conclude that B\ [m 1] = Ef*F [my44]
must hold for every agent. In what follows, to simplify the analysis, we assume ( = 1.

To identify an appropriate signal for the empirical counterpart of the expectations formation
model, we follow the evidence presented in D’ Acunto et al. [2021], which shows that agents use
their consumption experience to form expectations. More specifically, Campos et al. [2022], using
the University of Michigan’s Survey of Consumers, concludes that consumers highly weigh CPI’s
food components when forming inflation expectations. Dietrich [2022] finds similar evidence
using different data sources. Although differences in the composition of individual expenditures
could lead to differences in perceived inflation [D’Acunto et al., 2021], according to data from
the US Bureau of Labor Statistics, the share of food expenditure has no relevant variation across
US cohorts. This fact supports our assumption of a common signal on the underlying aggregate
inflation represented by the food component of the CPI. Finally, D’ Acunto and Weber [2022] show
that consumers use food prices as a reference to form inflation expectations. Therefore, we use the
food component of the CPI as a common inflation signal for all consumers.

Because of timing issues, we use the lagged year-over-year percentage variation of the CPI’s
food component. Consumers use past changes in food prices as a signal to forecast future aggregate
inflation. For example, suppose that in December, an agent forecasts aggregate inflation for the next
12 months, and we presume that consumers make this prediction at the beginning of the month.
In that case, we assume this agent considers November’s food inflation to forecast. Therefore, for
the empirical counterpart of the expectations formation model, we assume s, = 77 °?* where 772"
denotes food inflation in period ¢ — 1. D’Acunto and Weber [2022] show that this behavior is
consistent with consumers’ use of food prices to form expectations, as they show that consumers
weigh changes of observed reference food prices, in their case milk, to form inflation expectations.
Hence, we use annual changes in the CPI’s food component for the baseline specification primarily
because of data availability motives and consistency with recent evidence. In Appendix B.6, we
show that our results are robust to alternative signals also consistent with the recent empirical
evidence on reference prices.

Using monthly data on aggregate and food inflation, we obtain o2 = 0.15, 02 = 4.09 and
0., = —0.03, concluding K = 0.1751."7

We now perform a forecasting exercise using monthly inflation data and distinguishing agents
by cohorts. Given the recursive structure of the Kalman filter and to initialize the cohort-specific

forecasting process, we assume that in the period in which the cohort representative agent reaches

7We detail how we obtain this calibration in Appendix B.3, while Appendix B.4 provides empirical support for
the Kalman gain being constant across cohorts.
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Figure 2.4: History-based Kalman-filter-based inflation forecasts by cohort
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Note: Panel (a) shows the Kalman filter forecast for the common component for selected cohorts, differentiated by their age in
2021. Panel (b) shows the references for selected cohorts obtained according to the Kalman filter and given the history of inflation
experienced by the corresponding age group. Panel (c) shows forecasts for selected cohorts according to the Kalman-filter-augmented
expectations and considering the estimate for § from Column 1 of Table 2.2. Selected cohorts are differentiated by their age in 2021.
We further assume that each cohort starts forecasting when they become 18 years old. The current inflation rate measure is based on
the monthly YoY percentage variation of the CPIL.

adulthood and begins forecasting, she uses the previous period’s Kalman filter expected value
as a starting point. We denote the period when agent i starts forecasting as period k;. Given
the starting point assumption where the initial level of inflation is common knowledge, we have
ESE [m,] = BT, [m,] for every agent i. Panel (a) of Figure 2.4 presents the 12-month-ahead
inflation forecasts of different cohorts produced according to the standard Kalman filter. This
figure plots the actual inflation rate and the forecast made by some selected cohorts. The standard
Kalman filter cannot generate the heterogeneous pattern in expectations observed in the data (i.e.,
Figure 2.1). Under this framework, inflation expectations evolve following an identical process
across cohorts. Therefore, we need to move to a more sophisticated framework to replicate the

facts observed in the data.
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2.4.2 History-based Kalman filter
2.4.2.1 Setup

In this section, we depart from the standard Kalman filter framework. We adopt a model of non-
Bayesian beliefs where consumers revise their forecast using a reference based on their experienced
inflation history.'® In this framework, consumers receive signals and compare them to their history
of forecasts for the next period. By making that comparison when forecasting, consumers can put
more weight on the new information they receive or on their past history-specific information. Our
framework allows for both scenarios.

When consumers put more weight on the likelihood of new information for forecasting, our
setting would be as in Bordalo et al. [2019], related with the representativeness heuristic. When
consumers put more weight on their past history-specific information for forecasting, it would be
associated with the availability heuristic [Tversky and Kahneman, 1973]. That is, when forming
expectations, consumers use their available information related in this case to their history, instead
of sampling the complex current information that is needed to form future expectations about the
economy. This version of the model can also be related to the conservatism bias [Edwards, 1968],
as consumers put less weight on the signal when forming their beliefs.

This setting aims to model the source of the heterogeneity in inflation expectations, not to
make a general statement about expectations formation processes. This source of heterogeneity is
relevant, consistent across surveys of expectations, and it complements other findings on inflation
expectation formation. The flexibility of this framework allows us to connected to our empirical
setting and to learn about how people use their history of inflation when they form expectations.

We denote the true conditional distribution of the unknown inflation variable in a given period ¢
as f (my11| Z;), where the term Z; denotes the common set of information available in that period.

Given this definition, we assume that the inflation’s belief distribution for agent ¢ is given by

F2y (meen) = f (T | T) DYy (o) Zig, 2.2)

where

f (7Tt+1 | It)
f (7Tt+1 | I;§f> (t=ki)

Die,t (7Tt+1> =

18We can think of our framework as a generalization of the diagnostic expectations framework. The generalization
comes due to the fact that we do not restrict the parameter 6 to be strictly positive. Thus, in terminology of the
diagnostic expectations, we may find overreaction (6;0), underreaction (#;0), or neither (=0). A similar generalization
of diagnostic expectations theory is discussed in Liao [2023].
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In this setup, the parameter §# & R governs the level of distortion that the likeli-
hood ratio [Dgt (7rt+1)]% introduces into agents’ beliefs. The normalizing parameter sztl =
J ff, (we11) dmyyy ensures that the distribution f7, (m¢11) integrates to one in every period ¢ and
for every agent 7. Each agent compares the current common information set Z; against her ref-
erential information set ZZ ff . Later, we assume that this idiosyncratic referential information set
relates to each agent’s past inflation experiences. As mentioned above, the parameter # captures
the level of distortion associated with the model. In the standard Kalman filter framework, we have
6 = 0, which implies Dz . (me41) = 1. When this is the case, there is no distortion in beliefs, and
fe (mig1) = f (w1 | Z,). When 6 # 0, beliefs are distorted, as we discuss below.

Notice that the no private information assumption implies that the information associated with
the true conditional distribution is equal for everyone. Therefore, under the proposed signal extrac-
tion framework, in any period ¢, the expected value associated with the true conditional distribution
of the unknown inflation variable is common to every agent and corresponds to EX [, ,]. Given
the normality assumption on the error term of the inflation process, the true conditional distribution
satisfies f (w41 | Zy) ~ N (EFF [m41],02). As we explain below, this normality result implies
that the distribution associated with the referential information set Z; if is normal too. Given both
of these results, we can show that agent ¢’s distribution satisfies fft (Te41) ~ N (E?,t [Tt ,afr),

where the mean value has the following linear structure

B, [mosa] = BT [mosa] + 0 (B [mea) — EfY [ron]) (23)

where E?, [1,,1] is the distorted forecast associated with the belief distribution f7, (1), and
E:if [m:41] is the expected value obtained according to the distribution associated with the referen-
tial information set Z; if 12 We define this linear composition of the standard Kalman filter as our
history-based-augmented Kalman filter.

Up to this point, our variables are history-independent. Remember that the standard Kalman
filter is Markovian since it only requires the previous period’s beliefs to be computed. However,
this simple filter does not reproduce our set of empirical facts. We now introduce a role for past
experiences through the reference term E:if [7:1]. For the cohort i’s representative agent, we

define the reference term as

Z;ji ESE 7]
(t —k;) ’

where k; denotes the period in which cohort ¢ starts forecasting. Notice that the reference

EY [me] = (2.4)

term contains all past expectations of this cohort-specific agent about future inflation. Since the

reference term uses food prices as a signal, it contains the history of how consumers of a given

19See Appendix B.2 for a more detailed derivation.

46



cohort used the food prices they were exposed to forecast aggregate inflation. In Panel (b) of
Figure 2.4, we show how the inflation rate reference defined according to Equation 2.4 evolves
for some selected cohorts. Older cohorts, which have gone through episodes of higher inflation
during their lifetimes, have higher reference points when compared to younger cohorts that have
not experienced relevant inflationary episodes.

Now, we turn the discussion into the parameter #. When 6 > 0, agents “overreact” to the current
information they receive relative to their prior beliefs. For instance, if agents receive news about
inflation being different from what they expected in the past, they will overreact to this news by
adding more weight to current information, under-weighting their inflation history. If < 0, agents
“underreact” to the information just received, placing more weight on their references relative to
current information. In this case, if agents observe inflation values different than their priors, they
will tend to anchor their current expectations to their past beliefs. As discussed in Section 2.3,
recent economic developments show that older consumers had higher inflation expectations when
aggregate inflation was low, such as the period between 2010 and 2020. Meanwhile, when inflation
was high in 2021, consumers reacted moderately, not increasing their expectations significantly.
This idea goes in line with agents anchoring their expectations to their experience or, in our frame-
work, with a parameter satisfying § < 0. Lastly, when § = 0, there are no distortions in beliefs
and EY, [m,,1] = EfF [m,44] for every cohort i.

Given the random walk structure assumed for the inflation variable, and considering h > 1, we
conclude EXF [mr,, ] = EXF [m,41]. Since the reference term is a linear composition of expected
values associated with the true conditional distribution, we must have E[%/ [m,] = E:if [Te41].

Therefore, when i > 1, we observe E , [my,4] = E, [m44].

2.4.2.2 Estimation and forecasting exercise

In this section, we estimate the parameter ¢ directly from the data. Under our current assumptions,

from Equation 2.3 we know that the cohort 7’s forecast for period ¢ + 12 corresponds to

E?,t (412 = (14 0) BN [myqa0] — QE:,? [Tiy12] - (2.5)

Since the first term is common across all cohorts, it can be captured by a time-fixed effect ;.
Regarding the distorted expectation, we use data on the 12-month-ahead forecast of each agent m
from cohort i presented in the SCE survey. We denote this variable as E5 " [m415]. Finally, to
compute E:etf [Mip1a] = (t —k;) Zle EfF ) [mi412] we return to the standard Kalman filter from
Section 2.4.1 and recover the different terms Effﬁ j [Ti412], which are optimal forecasts under the

given setup. Given this setting, we run the following regression
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ESCH [mes1a] = e + GBI [M1] + Em- (2.6)

We present the results in Table 2.2. Column 1 shows our main specification, from which we
obtain § = —p = —0.374. Because the estimated parameter satisfies < 0, we conclude that
when agents forecast, they positively weigh their reference sets (i.e., their past inflation history,
their priors coming from their experiences with food prices). In the remaining columns of Table
2.2, we show that the negative coefficient is robust to the inclusion of control variables.?

This result contrasts with the diagnostic expectations literature (for instance, Bordalo et al.
2020), where a positive 6 is the usual result using a similar empirical structure. However, this pos-
itive 6 result is based on a history-based expectations formation process with a different reference
point. Instead of using agents’ past inflation history, the diagnostic expectations literature usually
uses the one-period lagged information set as their reference point. Moreover, their finding is also
conceptually different from ours, as most of the previous empirical literature on diagnostic expec-
tations relies on surveys of professional forecasters, who are better informed about the economy
than the households surveyed in the SCE.?!

The value of the parameter 6 is also conditional on the expectation formation process. In Bor-
dalo et al. [2019, 2020], current news are processed with a Kalman filter, so, in a sense, current
forecasts are partly processed with past information. With that modeling approach, surprises with
respect to a reference based on the previous period also come from a reference based on the avail-
able individual experience, as suggested by Tversky and Kahneman [1973].

However, this result changes when we consider other forms for current expectations instead of
a Kalman filter, such as rational expectations (for instance, Bianchi et al. 2021 and L"Huillier et al.
2021). In that case, agents know the model’s features, so their reference is based on everything
contained within the model, which is considered more likely (as in Kahneman and Tversky 1972).
Given the assumption of full information, agents will overreact to any shock that was not expected
in the previous period; as agents understand the shock and its effects as soon as they see it, it is
immediately more likely.??

We take a different approach, as we explicitly model the reference of the agents given their
cohort. Agents also optimally generate a forecast with a Kalman filter and a signal we provide.

Then, they combine this optimal forecast with their past experience to produce their final forecasts.

2In Figure B.2 of Appendix B.1 we show the results of estimating Equation 2.6 but leaving one cohort out of
the sample in successive regressions. We find that the coefficient of interest remains stable throughout the successive
estimations and, thus, does not depend on the inclusion or exclusion of any particular cohort in the sample.

2'While it it has not been central to the previous discussion in the broader diagnostic expectations literature, the
result of # < 0 is not necessarily a rare sight. For instance, Bordalo et al. [2020] find 8 < 0 for the forecasts of a
subset of variables in the Survey of Professional Forecasters. For a further discussion see Liao [2023].

22See Benjamin [2019] for a discussion of these assumptions
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Table 2.2:

Parameter estimation

(1) 2) (3) 4
E:if [T112] 0.374%** 0.384*** 0.268*** 0.210%%**
0.041) (0.034) (0.036) (0.032)
Time FE Yes Yes Yes Yes
Controls No Gender, Gender, Gender,
commuting commuting commuting
zone zone, HH zone, HH
income income,
educational
degree
Observations 83,991 83,969 83,969 83,969
R-squared 0.100 0.168 0.194 0.211

Note: Table shows results of Regression 2.6. E:etf [m¢412] is the reference constructed for a respondent of age 4 as explained in the

main text. We use population weights. Column 1 has only a time fixed effect as an additional control. Columns (2), (3) and (4) add
different levels of controls. Robust standard errors in parentheses. Standard errors clustered by age. Dependent variable trimmed at
10 percent and 90 percent in each period. *** p<0.01, ** p<0.05, * p<0.1.

Our framework allows for a common component that might come from the news [Carroll, 2003],
common price experiences [D’Acunto et al., 2021], among other reasons. While the time fixed
effect would capture any of those factors, we model it with a common adjustment to their price
experience. Then, we explicitly model the reference given their history. Our findings are consistent
with consumers using an availability heuristic to form expectations. In this case people use their
history of forecasts to positively weigh them given the current developments in prices. When events
deviate from what an agent has experienced, they tend to revise their expectation toward their
historical forecasts. Our empirical results strongly point in that direction. This finding is consistent
with consumers’ survey-based evidence that shows that consumers, after receiving news about the
economy, do not overweigh those news, keeping a positive weight on their prior or reference, as
shown, for example, in Weber et al. [2023].

Using our estimate for the parameter, we perform a forecasting exercise using the Kalman filter.
Panel (c) of Figure 2.4 shows the 12-months-ahead inflation forecasts for different cohorts. We
can see that the history-based Kalman filter can generate a heterogeneous pattern across cohorts,
similar to the one we saw in the data in Figure 2.1.% First, older cohorts show higher inflation
expectations than the rest of the cohorts throughout most of the sample, based on their experiences
of high inflation in the 60s, 70s, and early 80s. Second, the intermediate cohorts show lower

inflation expectations than the other cohorts because they went through the stable and low inflation

23We show the forecasts for the full sample in Figure B.1 in Appendix B.1.
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rates of the 90s, 00s, and 10s. The youngest cohort shows the highest inflation expectations after
being exposed to the high inflation rates of 2021.

To study the external validity of our results, in Appendix B.7, we repeat the exercises but using
data from the Consumer Expectations Survey of the European Central Bank, which contains ob-
servations for six countries: Belgium, France, Germany, Italy, the Netherlands, and Spain. We find
evidence that corroborates our main findings. The inflation expectations are also heterogeneous in
Europe and partially explained by the history of consumers’ inflation experiences. We find sup-
port for the use of a history-based Kalman filter as a way of modeling heterogeneous inflation
expectations.

Moreover, given the cross-country panel structure, we control for a common cohort fixed effect
in this exercise, as in Hajdini et al. [2022a]. This is a highly relevant step since common cohort
characteristics (i.e. different patterns of inflation exposure over the life cycle) could affect our
results. By controlling for cohort fixed effects, we rule out those common cohort characteristics
and cleanly exploit differences in the inflation experienced by the different cohorts across different
countries. We find similar results after adding our set of controls, implying that the heterogene-
ity does not stem from common cohort characteristics but from different inflation experiences in

different countries. Our findings are also valid for Europe.

2.4.2.3 Goodness of fit

This subsection studies how the time and individual variation of our history-based Kalman filter
expectations compare to the data. We run a regression where the dependent variable is the survey
individual inflation expectation, while the right-hand side variable is our history-based Kalman fil-
ter expectation. Our formulation has two components: one comes from the standard Kalman filter
that uses common food inflation data as a signal, and the second arises from cohorts references
and a parameter 6 estimated using survey data. As we use a time fixed effect for the parameter
estimation, individual survey data does not provide the time variation observed in our inflation
expectations measure. Column 1 of Table 2.3 shows that the slope between the survey forecast and
the forecast produced by our history-based Kalman filter is 1.069. This result confirms that our
inflation expectations formulation effectively reproduces consumers’ expectations. After consider-
ing the time and cross-section variation, our estimates provide a good prediction of heterogeneous
inflation expectations.

An alternative measure to explain the heterogeneity in survey data inflation expectations is the
cohort’s lifetime average inflation rate 7;; = (¢t — k; + 1)71 Zf;o m¢—;. Column 2 of Table 2.3
shows that the history of inflation by cohort can also predict part of the variation in the data.
Also, we can consider the lagged inflation rate 7; ,_; as a predictor of inflation expectations, akin

to following an adaptive expectations process. Column 3 of Table 2.3 presents that the lagged
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Table 2.3: Goodness of fit

(D (2) (3) 4) (%) (6)
B, [mii)  1.069%5 1.068%#%  0.931%*% (0.87]%%*
(0.056) (0.058)  (0.048)  (0.050)
Tt 0.310%%* 0.003 0.109%*
(0.038) (0.040) (0.036)
o 0.535%%+ 0.470%%%  (.479%%x
(0.026) (0.024)  (0.024)

Observations 83,991 83,991 83,991 83,991 83991 83,991
R-squared 0.041 0.006  0.043 0.041 0074 0075

Note: Table shows results of a regression where the dependent variable is consumers’ inflation expectations according to the Survey
of Consumer Expectations (SCE) of the Federal Reserve Bank of New York. We use population weights. Ef,t [mt412] is our
estimated measure of inflation expectations. 7r; ; is average inflation expectations. 7; ;1 is the lagged inflation rate. Standard
errors clustered at the date-of-birth level in parentheses. Dependent variable trimmed at 10 percent and 90 percent in each period.

w5 0,01, #* p<0.05, * p<0.1.

inflation also has predictive power when it comes to inflation expectations.

Furthermore, we can we can make the history-based Kalman filter compete with the other two
measures and see which one better predicts the forecasts observed in the data. Column 4 of Table
2.3 shows that in a horserace with the lifetime average inflation rate, our model forecast is superior
for explaining the observed heterogeneity. The coefficient for our measure is close to one and
statistically significant. In contrast, the coefficient for the history of inflation by cohort approaches
zero in magnitude and becomes statistically insignificant.

Column 5 of Table 2.3 performs a similar exercise against the lagged inflation rate. While
both measures are statistically significant, the history-based Kalman filter has a larger coefficient.
Given that both variables have the same scale, we find that the history-based Kalman filter adds
more information relative to the lag when it comes to predicting observed inflation expectations.

Finally, Column 6 of Table 2.3 shows the comparison between the three measures. The history-
based Kalman filter has a larger coefficient in comparison to the other measures, which confirms
the previous two results.

Figure 2.5 visually presents the results of Column 1 in Table 2.3. The slope associated with
the regression and a 45-degree line are very close. Our measure effectively models the time and
cross-sectional variation of consumers’ inflation expectations.

Overall, our measure shows a very good fit with the data. We can replicate heterogeneous
inflation expectations at the individual level using a relatively simple model of expectations. We
can effectively replicate the time and cross-sectional variation on individual survey data inflation

expectations by constructing a simple model based on current inflation and heterogeneous histories.
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Figure 2.5: Observed inflation forecasts and history-based Kalman filter forecasts
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Note: Figure shows binned scatterplot across history-based Kalman filter forecasts (x-axis) and point forecast inflation expectations
according to the Survey of Consumer Expectations (SCE) of the Federal Reserve Bank of New York (y-axis). Variables demeaned
by the intercept. Data go from June 2013 to December 2021. SCE variable trimmed at 10 percent and 90 percent in each period.

2.5 Aggregate implications of heterogeneous expectations

This section presents an overlapping generations monetary model based on an expectation forma-
tion process that replicates the heterogeneity observed in inflation expectations data (i.e., Figure
2.1). We assume that agents follow the history-based Kalman filter and the assumptions introduced
in Section 2.4.2. The long history of references inherent to this approach allows for different past

inflation experiences to shape different current inflation expectations across cohorts.

2.5.1 Households

On the demand side, we assume that an infinite number of cohorts populates the economy. Every
cohort comprises a continuum of households whose situation is summarized by a single cohort-
specific representative agent. These cohorts are heterogeneous in their date of birth and past infla-
tion experiences. We follow the perpetual youth approach presented in Blanchard [1985] and Yaari
[1965] to model the different cohorts. This approach considers that households have uncertainty
regarding the date on which they will die. They only know they face a mortality rate of A € (0, 1)

every period. At the same time, a new cohort of size A is born every period. Therefore, in a given
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period t, the size of a cohort born in period k& < ¢ corresponds to A (1 — )\)t_k.

We assume households form their expectations using the history-based Kalman filter presented
in Equation 2.3, and the assumptions from Section 2.4.2 hold. Agents assume that the output gap
and the inflation variable are random walk processes. As in Gutiérrez-Daza [2022], agents cannot
directly observe these variables; instead, they observe signals on each of these.”* Under these

assumptions, the representative household of cohort 7 solves

Y

ce L (e
max vt o wt _|_ Ee 1 _ )\ Jj—t 2] _ 2]
{Ci,j,Li,j,Bi,j-}—l}th (1 — 0 1+ n ui Z [ﬁ ( )] 1—0 1+ n

j>t
subject to

B;
PCiy+ (1 =\ — — WL, + By + Ty,

(1+414,)

where C; ; is consumption, L; ; is the labor supply, B; ; are nominal savings in a risk-less bond,
P, is the aggregate price level, W, are the nominal wages, 7, are transfers, and ¢, is the nom-
inal interest rate associated with this economy’s bond. Also, 3 is the discount factor, o is the
intertemporal elasticity of substitution, and 7 is the inverse of the Frisch elasticity.

The transfers 7; ; are crucial to our model, as they incorporate two different mechanisms. First,
as in Blanchard [1985] and Yaari [1965], we assume that households insure themselves to receive a
flow of income every period they are alive. Then, when they die, the insurance company takes away
any residual wealth. Thus, there are no accidental bequests. Second, as in Mankiw and Reis [2006],
we assume that the income households receive each period from the insurance company is such
that households start each period with the same wealth and that the nominal savings market clears.
Therefore, we do not have to worry about wealth distribution. Lastly, and as a way of closing the
model, the transfers also incorporate the benefits of firms producing intermediate goods.

Additionally, the transversality condition of the problem is

1-N"

11m
T—oo T 20 (1 + irsn)

itrr = 0.

We introduce expectations in a general equilibrium setting as in Bianchi et al. [2021] and
L’Huillier et al. [2021]. The expectations operator used by households is Ef’t [.], which works
under the assumptions made in Section 2.4.2. Therefore, the first-order conditions of this problem
are

24For simplicity, we assume that these signals correspond to the lagged value of each of the forecasted variables.
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(RCY) =B (1+i)E, [(Pm ZM)_I}, 2.7
4%
CoLY, = ?;, 2.8)

where the first equation corresponds to our Euler equation, and the second denotes a standard
labor supply condition.

To simplify the problem, we further assume that the agents know the current state of the econ-
omy, and for any log-linearized variable z; we have Eﬁt [x;_n] = x4 when h > 0. Otherwise,
as L'Huillier et al. [2021] explains, agents will over or underreact when predicting this variable’s
present or past values. The log-linearization of Equation 2.7, following the history-based Kalman

filter presented in Equation 2.3, results in

(L+0)EFF [cip] — £ (e — (1 4+ ) EfF [m44])

re 1 re (2.9)
—t (Ez‘,tf [Ci41] + ;Ei,tf [7Tt+1]> ;

Cip =
where lower cases denote deviations from the steady state.”> This is the IS curve associated

with a given cohort .

2.5.1.1 Aggregation

Since the steady-state value is the same across the different cohorts, the aggregate consumption gap
¢, corresponds to the weighted sum of all the different cohort-level consumption gaps. Therefore,
we establish

=AY (1= e (2.10)

k>0
We further assume that household %, when forecasting its future individual consumption gap,
believes that all the other households will behave similarly such that Ezetf [Cris1] = Ezef [cean].
Incorporating Equation 2.9 into Equation 2.10 and using the market clearing condition in the goods

market, we conclude:

(i — B, [miqa]) +

Al

* An intermediate step in the log-linearization of Equation 2.7 results in ¢; ; = E , [¢; 141] —

1 kil
p. Zo (E?, [m¢—;] — m—;). where the last term results from the fact that E? , [X; 11 Z;] # EY,
j=

X;11] Z; [L Huillier

et al., 2021]. The term ]’Efﬂ5 [m¢—;] implies that agents also have distorted beliefs about the past. We assume
]Ef,t [ — j] = my_; for j > 0. That is, the beliefs about the past align with the observed variables. We follow
this assumption because we focus on how the reference distortions affect beliefs about the future, not the past. Impor-
tantly, this assumption also makes the solution of the model computationally simpler, as we do not have to keep track
of the beliefs of each cohort for each past period. Therefore, we drop the last term and obtain Equation 2.9.
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(L+ ) EF [yer] — 5 (6 — (1 + 0) EFF [m14])
= re 1 Te
"7 - (B D] + B (]

k>0

2.11)

Equation 2.11 is the IS curve associated with our model. It equals the standard IS curve plus two
different distortions associated with parameter #. In this version of the IS curve, the past matters

in the sense that current realizations are affected by the history of inflation of the cohorts.?®

2.5.2 Firms

On the supply side, we assume that a final good producer operates in a perfectly competitive
market. This firm produces using a continuum of intermediate goods as inputs. Therefore, there is
a continuum of intermediate goods producers, each one operating under monopolistic competition.
These intermediate goods producers are subject to Calvo pricing frictions. We assume these firms
follow rational expectations when setting their prices because they are model-consistent. Thus,
we adopt the standard firms’ framework associated with the New Keynesian setting to obtain the

standard New Keynesian Phillips curve.?’

2.5.3 Monetary policy

The central bank sets the interest rate following a standard Taylor rule. Then, we have
(1+ir) _ {(Hwt)]"" H
i+ La+»] [¥]

where the bars denote steady state values and . and x, represent the central bank’s reaction to

(2.12)

deviations from the steady state of the inflation rate and output, respectively.

After log-linearizing, the model is summarized by

(L4 ) EF [yea] — 2 (i — (14 0) EFF [m44])

- 1 2.13

Yt —9)\]; (1-— A)k (EZ?tf 1] + ;Estf [7Tt+1]> + wlaste, (2.13)
1—¢)(1—

T = ( @; ?6) (0 +n) (g +u®") + BE [me44] (2.14)

It = XaT¢ + Xyt (2.15)

Z6Notice that if agents do not over or underreact when forming expectations, i.e. § = 0, the IS curve reduces to

ye = EfT [yea] = 5 (40 — EFT [mep4]).
27We present the details associated with the supply side of the economy in Appendix B.8.
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where Equation 2.13 is the dynamic IS curve augmented with a taste shock, Equation 2.14 is the
Phillips curve, and Equation 2.15 is the Taylor rule. Notice the Phillips curve follows the rational
expectations operator £, [.], while the IS curve results from following the history-based Kalman
filter operator EY [.].
cost

We consider a cost shock 1" and a taste shock u!***® that behave as an AR(1) process, such
that

cost cost cost
Uy = PeostU—1 + € (2.16)
taste __ taste taste
Uy = Ptaste¥Us_1 T € ) (217)

where peost and piqsie are the persistence parameter and €5°%* and €.*® are the unexpected inno-

vations.

2.5.4 Calibration

The model is calibrated to a monthly frequency. The parameters from Table B.1 in Appendix
B.1 show a fairly standard calibration. We calibrate the price stickiness parameter ¢ so that the
expected duration of a given price quote is 12 months. We also calibrate the mortality rate A so
that the expected life span is 80 years.?®

Regarding the history-based Kalman filter, we need to calibrate the Kalman gain K and the
parameter 6. We calibrate both according to the results from Sections 2.4.1 and 2.4.2. We must
make an additional assumption around these two parameters. While we only used inflation rate

data in the previous sections, we assume these parameters also hold for the output gap.

2.5.5 Simulations

In this section we compare three different cases: (i) households form their expectations according
to full information rational expectations (FIRE), (ii) households form their expectations according
to a standard diagnostic expectations operator with overreaction,” and (iii) households form their

expectations according to the history-based Kalman filter from Equation 2.3.%°

Z8Because we assume that agents become economically active and relevant at age 18, this means agents expect to
consume and work for 62 years

2We include the standard diagnostic expectations model because it serves as an useful benchmark that features
overreaction. Because our model is a generalization of the diagnostic expectations model, following L’ Huillier et al.
[2021], we set the parameter = 0.992 to obtain the desired overreaction result.

For our Kalman filter operator we assume each cohort differs in its beliefs. In Appendix B.9 we analyze the
consequences of dropping this assumption and having all cohorts follow the same beliefs while keeping the Kalman
filter structure.
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Figure 2.6: Impulse response functions
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Note: Figure shows impulse response functions for a selected group of variables after the mentioned shocks. The red dashed
line shows the results for the case of the full information rational expectations model (FIRE), the green dotted line shows the
results of a standard diagnostic expectations operator and the solid blue line shows the history-based Kalman filter model. For
the standard diagnostic expectations case we assume that agents use the expectations operator IE?’S Xitn] = E¢ [Xoyn] +
@ (E¢ [Xt4n] — E¢t—3 [X¢4]) with @ > 0. Horizontal axis denotes months after the shock.
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Figure 2.6 presents the impulse response functions to a taste shock and a cost shock. In Panel
(a), we see that inflation and the output gap increase after a taste shock. The FIRE case shows the
usual reaction, and the standard diagnostic expectations model presents an overreaction that lasts
three periods, consistent with the reference used. In the case of the history-based Kalman filter
model, we first see a milder reaction in terms of inflation and output gap. Agents remember the
past (in this case, the steady state), so their expectations tend to stay closer to such value. This
allows the central bank to reduce the size of its hike in the interest rate, resulting in a slightly
lower real interest rate. In addition, firms reduce the size of their price increase. Overall, under the
history-based Kalman filter, agents anchor their expectations to the past, reducing the magnitude
of the responses on impact.

While inflation is lower on impact with the history-based Kalman filter, it takes longer to return
to its steady state values when compared to the other cases (the FIRE and standard diagnostic
expectations cases have inflation going back to a steady state at the same pace of the persistence
of the shock). This is because, with the history-based Kalman filter, agents remember the high
inflation period. This effect is exacerbated by new cohorts that have only experienced inflation
above the steady state.

Panel (b) of Figure 2.6 shows the responses for a cost shock. In the history-based Kalman filter
case, there are two forces going in opposite directions. There is a high persistence in inflation, but
we also have consumers who remember the zero output gap of the steady state, which reduces the
pressure on prices. Thus, the IS curve becomes more inelastic to the shock with the history-based
Kalman filter. Then, in this economy, rational firms can raise prices by more than they would under
FIRE. This is followed by a central bank that must raise the interest rate more strongly than in the
rational economy.

One thing to notice in the history-based Kalman filter case is that while the household inflation
rate expectations have a hump shape, actual inflation does not. This is because firms are always
rational. Thus, their expectations follow the shock very closely (no hump shape because of the
AR(1) nature of the shock), and they set prices accordingly. The hump-shaped expectations are
consistent with the evidence provided by Angeletos et al. [2021]. Consumers underreact to the
inflationary shock in our setting initially, as their memories are tied to the steady state. After the
inflationary shock, they incorporate the inflationary episode in their memories, over-extrapolating
it, as in Afrouzi et al. [2023].

2.5.6 Implied heterogeneous responses

After obtaining the aggregate responses to the shocks, we now check the responses at the cohort-

specific level implied by the aggregate variable paths of the previous section. Thus, we use the
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individual level equations to see how the informational frictions of the model generate heteroge-
neous consumption and labor patterns depending on the past experiences of the cohorts. We must
stress this result just shows a reaction starting akin to a partial equilibrium exercise taking the
aggregate variable paths as given and is not the result of full heterogeneous agents model.

First, we calculate the within-model response of the output gap and inflation rate expectations
for each cohort according to the framework of Section 2.4.2 and the aggregate variable paths fol-
lowing the shocks studied in the previous section. Figures B.3 and B.4 of Appendix B.1 present
the heterogeneity in expectations across cohorts under the history-based Kalman filter. We see
that, after both shocks, the expectations of the older cohorts remain anchored to the steady state,
whereas the young react more strongly.

Then, we obtain cohort-specific consumption gap according to Equation 2.9, which contains
common and heterogeneous components across cohorts. Similarly, we obtain the cohort-specific
paths of labor supply gap from the individual labor supply problem. Figure B.5 in Appendix B.1
shows the consumption and labor supply gap responses of the different cohorts after a taste shock.
We see that older cohorts consume less and work more, relative to the younger ones. For this
result, there are two forces working simultaneously. In first place, the output gap expectations are
lower for older cohorts, which brings their consumption down. In second place, the inflation rate
expectations are lower for older cohorts, which relates to a higher real interest rate and reinforces
the lower consumption. Because the older cohorts believe the future aggregate output gap will
be lower and perceive a higher real interest rate, they end up supplying more labor relative to the
young.

Figure B.6 of Appendix B.1 shows the responses of the consumption and labor supply gap
across cohorts after a cost shock. Older cohorts consume more and supply less labor than the
young. Contrary to the previous exercise, in this case this outcome is explained by two channels
going in opposite directions. First, older cohorts have higher output gap expectations than than
younger ones, which drives their consumption upwards. Second, older cohorts have lower inflation
rate expectations that translate into higher real interest rates, such that their consumption goes
down. In the end, we see that the first channel dominates over the second. That is, even though
older cohorts perceive a higher real interest rate, their more optimistic beliefs over the future output
gap drive their consumption upwards relative to the young cohorts.

We highlight that these results are specific to this exercise, where the economy starts in the
steady state. The heterogeneous responses are determined by the heterogeneous experiences of
households which, given the history-based biases when forming expectations, create heterogeneous
ex-ante real interest rates. In Section 2.7 we explore a data-based inflation scenario that will result

in different ex-ante real interest rates across cohorts.
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2.6 Optimal Taylor rules

Now we analyze the use of an optimal Taylor rule in each of the different cases from the previous

section. The Taylor rule we use in this section is

it = XaTt + XyYt- (2.18)

We assume that the central bank chooses the time-invariant parameters x; and x; such that it

solves the problem

min [E, [7?? + ﬁyf] ,

subject to the equations of the model in Section 2.5 and ¥} is the weight of the output gap in
the objective function.?! That is, the central bank, given the model setup, seeks to minimize the
volatility of both the inflation rate and the output gap. Notice that we assume that the central bank
has rational expectations.

The optimal parameters are dependent on which shocks exist in the model (cost or taste). There-
fore, we will have two sets of parameters, one for each shock.*

We start by analyzing the response to a cost shock under the optimal Taylor rule. Panel (b) of
Figure 2.7 shows that, when responding to this shock, the central bank faces the usual trade-off
between the output gap and the inflation rate. After the cost shock, the inflation rate goes up and
the output gap goes down after the interest rate hikes. In this particular exercise we will have that,
given the relative importance of the output gap in the objective function, the central bank will favor
reducing the volatility of the inflation rate.

After the shock hits, the central bank becomes more active in the history-based Kalman filter
than in the FIRE case. This behavior is because inflation history plays a role when there are history-
based expectations. The central bank knows that people will remember the current shock far into
the future, affecting future inflation expectations. By being more active under the history-based
Kalman filter case, the central bank can quickly lower inflation expectations. While in the baseline
results from Figure 2.6 the inflation expectations remained high for a long period, the optimal
Taylor rule brings them down. It even generates deflation expectations that later spill over to the
observed inflation rate.

Panel (a) of Figure 2.7 shows the impulse response functions to a taste shock and an optimal
response from the central bank. As it is well known in the literature, upon a taste shock, the optimal

response of the central bank is to raise the interest rate strongly. What follows is that the central

31 Following Gali [2015] we define 1 = U=2/1=¢8)(70) — 0017,
32Tables B.2 and B.3 in Appendix B.1 show the optimal parameters.
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Figure 2.7: Impulse response functions, optimal Taylor rule
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bank manages to bring down both the output gap and the inflation rate to their steady state values.

We find no significant difference in the central bank’s response between the FIRE and history-
based cases. The optimal Taylor rule case says that the central bank should always be active
when facing a taste shock, no matter the type of expectations agents have. In this manner, the
central bank can close the output gap and lower the inflation rate faster than the baseline results.
Moreover, with the active stance recommended by the optimal Taylor rule, the output gap and

inflation expectations are positive but very close to zero in all cases.

2.7 Analyzing an episode of high inflation

1_33

This section analyzes the model’s behavior after the high-inflation episode of 2021.°° To do so, we

feed the model from Section 2.5 with actual monthly data on the output gap, inflation rates, and
interest rates up to December 2021.3*

of the model.>

Afterward, we produce forecasts using the different versions

We first analyze the history-based Kalman filter case. Figure B.7 of Appendix B.1 shows the
inflation rate expectations by cohort according to our model and the data. Before 2021, older
cohorts had the highest inflation expectations. This result occurs because older cohorts experienced
the high-inflation episodes of the 60s, 70s, and early 80s. They are followed by the intermediate
cohorts and finally by the youngest cohorts, who experienced low and stable inflation rates from
the 90s to the 10s. With the inflationary shock, things changed as newer cohorts experienced a
significant part of their lives in a high-inflation environment.

Figure 2.8 presents how variables evolve based on our model and the data. After 2021, when
we allow for a history-based Kalman filter, average inflation expectations are higher and more
persistent with respect to other cases. This result is because agents remember and anchor their ex-
pectations to what they experienced in the past. Hence, the central bank must react more strongly.

Because of their historical reference, agents that follow a history-based Kalman filter remem-
ber the high inflation episode far into the future when compared to the other cases case. As a

consequence, the observed inflation rate and the interest rate also remain higher for longer.

331n this part, we go back to the basic calibration of Table B.1.

3*We use monthly series from March 1967 to December 2021. We go as far as the data allows us to build the
agents’ references. We use the National Activity Index (CFNAI) from the Federal Reserve Bank of Chicago for the
output gap. For the interest rate, we use the effective federal funds rate. For the inflation rate, we use the CPI 12-month
percentage change.

35We present the shocks that, according to our model, explain the observed data in Figure B.8 in Appendix B.1.
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Figure 2.8: Impulse response functions, forecast
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2.8 Conclusions

This paper studies the macroeconomic consequences of heterogeneous inflation expectations. We
first show that inflation expectations are heterogeneous across cohorts. We introduce a Kalman
filter augmented with history-based expectations to model the inflation forecast formation process.
We structurally estimate the relevant parameter, concluding that individuals effectively consider
their past inflation histories when forecasting.

Our expectation formation process includes two known and relevant aspects of consumers’ ex-
pectations processes. On one side, we consider the history of inflation each cohort has experienced.
On the other side, we consider the current inflation experience, particularly with salient prices such
as grocery prices. Our proposed framework can predict the heterogeneity prevalent in consumers’
inflation expectations across cohorts remarkably well, even though we only feed our model with
monthly CPI inflation data and an estimated parameter. We show that consumer inflation expecta-
tions data can be modeled, predicted, and contain meaningful information.

Our modeling approach also has the advantage of being flexible, such that we incorporate it

in a general equilibrium model. This heterogeneous expectation process has relevant aggregate
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implications. Heterogeneous expectations anchor aggregate response to agents’ history of inflation
while increasing the persistence of the effect of the shocks.

This result has implications for monetary policy: when inflation starts rising, the optimal re-
sponse of monetary authorities is to take an active stance, as agents have a long history and re-
member current shocks far into the future. An energetic response of the central bank under infla-
tionary pressures prevents current inflation from rising and, more importantly, prevents agents from
incorporating high-inflation episodes into their memories, thus preventing higher future inflation
expectations.

Our results also have relevant implications for the current macroeconomic environment. The
model suggests that the 2021 high-inflation episode, even though it may be transitory, could have
long-lasting effects: new cohorts incorporate the high-inflation episode into their memories of

inflation, adjusting future inflation expectations upwards.
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CHAPTER 3

Cultural Proximity and Inter-firm Trade

Abstract

Emerging economies sometimes have low-quality institutions, generating micro-level trade fric-
tions. In these settings, firms may rely on informal institutions, such as cultural proximity, to
overcome such frictions. Using new microdata on firm-to-firm trade from India with information
on prices, transactions, and caste and religious connections, we find that higher cultural proxim-
ity reduces prices and fosters trade at intensive and extensive margins. When exploring potential
mechanisms, we find evidence supporting the role of cultural proximity in alleviating contracting
frictions. We formalize these findings by building an inter-firm trade model with cultural prox-
imity between firm owners. Our counterfactual exercises indicate that an economy composed of
culturally closer firms features lower costs, lower prices, higher sales, and higher welfare than an

economy with culturally distant firms.!

3.1 Introduction

Non-economic forces, such as culture— religion, language, values, etc.— may drive economic
outcomes. The role of culture on agent behavior has been well documented in entrepreneurship,
loan access, labor markets, marriage, development, and cross-country international trade [Fisman
et al., 2017, Goraya, 2023, Munshi and Rosenzweig, 2016, Rauch, 1996, Rauch and Trindade,
2002, Startz, 2016]. Nevertheless, the mechanisms by which cultural proximity shapes trade be-
tween firms remain less understood. Understanding how and why cultural proximity affects inter-
firm trade potentially allows policy-makers to better leverage social inclusion programs and foster
economic development.

We first provide empirical evidence on the role of cultural proximity in inter-firm trade. To

do this, we leverage a unique dataset of transactions between firms from a large Indian state,

I'This chapter is co-authored with Brian C. Fujiy and Gaurav Khanna.
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along with data on firm owners’ names and their cultural proximity derived from India’s caste
and religious system.> We report three new stylized facts. First, culturally closer firms report
higher sales between them: the higher the cultural proximity, the higher the trade on the intensive
margin. Second, culturally closer firms are more likely to trade with each other. That is, the
higher the cultural proximity, the higher the trade on the extensive margin as well. Third, firms
that are culturally further apart report higher unit prices in their transactions. All these results
are robust to an array of high-dimensional fixed effects, including seller and buyer fixed effects,
origin-by-destination fixed effects (and for specifications with product and time, seller-by-product,
and product-by-month fixed effects).

We then turn to explore various mechanisms, and find evidence most in line with the importance
of contract enforcement. First, we show that the effect we find of cultural proximity on trade is
driven by differentiated products, which often rely on either formal or informal contract enforce-
ment [Nunn, 2007, Rauch, 1999].> Second, cultural proximity matters the most when institutional
quality, proxied by the court quality in the districts where the trade partners belong, is particularly
low. We argue that, in a setting with low institutional quality and poor contract enforcement, firms
that trade differentiated goods rely on informal institutions (i.e. cultural proximity) as a substitute
for the imperfect formal ones. We understand these findings as evidence that cultural proximity
may relate to contract enforcement and trust [Munshi, 2019, 2014].4

We further find that the more varieties a firm sells or buys, the more the trade intensity is affected
by cultural proximity. We posit that the larger the number of different varieties a firm sells or buys,
the more firms it has to negotiate with, which increases the contracting frictions it faces. Then, to
minimize the contracting frictions they face, firms will rely more on trading with culturally closer
firms they trust.

We do not find sufficient evidence that hierarchies (and preference-based discrimination) across
social groups matter, or that linguistic distance and the specialization in certain goods matters for
our cultural proximity results. To analyze whether our results are caused by vertical social hierar-
chies and discrimination across cultural groups, we study asymmetric effects in those transactions
where one firm is placed higher than the other based on the caste-based hierarchy, allowing us
to test for preference-based discrimination across the social hierarchy. In other tests, we find our
results are less likely to be driven by firms sharing the same language or sharing specialization in

the production of certain goods.

Due to a confidentiality agreement, we cannot disclose the name of the Indian state.

3Differentiated goods do not trade in exchanges and are not homogeneous, but are branded and specific to certain
producing firms. In a country with market imperfections as India, firms can easily renege on their commitments.
Suppliers and buyers in differentiated goods markets are not easily replaceable. In such cases, trade will increase
when firms trust and know each other, that is, when they are culturally close.

“Munshi [2019] uses survey data to show that Indians trust people from their caste.
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We next conduct a counterfactual analysis to study the importance of cultural proximity for
inter-firm trade. We build a quantitative trade model with cultural proximity between firms. Firms
optimally decide whom to trade with subject to matching fixed costs, and how much to trade with
subject to iceberg trade costs. In line with our empirical findings, we allow these costs to depend
(positively or negatively) on how culturally close firms are.’

The model derives equations that precisely match their empirical counterparts in the previous
section. We use these equations to estimate the key parameters of the model: the semi-elasticity of
the trade cost to cultural proximity and the semi-elasticity of matching cost to cultural proximity.
Our model allows us to estimate both of these parameters externally. In line with our stylized facts,
we find a negative semi-elasticity of both the intensive and extensive margin of trade to cultural
proximity. This implies the closer two firms are in cultural terms, the lower the trade and matching
costs are. Therefore, the higher the cultural proximity for a pair of firms, the higher the trade is on
both the intensive and extensive margins, and the lower the prices charged.

We then use the model and estimated parameters to quantify the implications for welfare and
other aggregate outcomes of implementing different policies. First, we evaluate the effects of social
mixing/inclusion (i.e. firms become culturally the closest possible) and social isolation policies
(i.e. firms become culturally the furthest possible). Second, we study the effects of a policy that
reduces contracting frictions, such that firms rely less on cultural proximity when trading (i.e. trade
and matching costs become less sensitive to cultural proximity). We find that welfare increases by
1.76 percent under a diversity-friendly social inclusion policy. In contrast, welfare falls by 1.45
percent when we evaluate the effects of social isolation or exclusion. Finally, we show that policies
that reduce contracting frictions raise welfare by 0.87 percent by reducing the reliance of trade on
cultural links.

The analysis of cultural proximity is especially relevant for developing countries, where agents
face several contracting frictions and, consequently, rely more on non-economic forces. In par-
ticular, India has a society that follows the parameters of a caste system, which also intertwines
with the different religious groups.® In this case, cultural proximity naturally arises as a product of
the inherent hierarchical structure of the caste system and the different religions. Related to this,

Figure 3.1 shows an example of how trade between cultural groups occurs, in a selected subset of

0n the extensive margin, cultural proximity between firms can reduce matching costs since culture encodes
useful information for sellers to decide who to sell to [Balmaceda and Escobar, 2017, Ali and Miller, 2016]. On the
intensive margin, sellers charge a premium to buyers arising from contracting frictions. Given the risk of reneging on
the contract or delaying payment, sellers determine the charged premium to buyers, and so affect the intensive margin
of trade [Boehm and Oberfield, 2020]

®In this paper, we consider the caste system and religious groups as a proxy for cultural groups. There is a large
historical legacy for the caste system to be considered a discrimination device, which we consider. Even though there
is an active agenda of the government to implement policies that hinder caste-based discrimination, it is still used by
Indians as a way to determine how similar individuals are between them.
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Figure 3.1: Probability-weighted sales decomposition of largest cultural groups

(a) Largest Hindu group: Nair (b) Largest non-Hindu group: Muslims
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Notes: The figure shows the decomposition across buyers for the largest Hindu and non-Hindu cultural
groups measured by probability-weighted sales. For instance, the Nair and Muslims accounted for 5.39
and 19.68 percent of total probability-weighted sales, respectively.

our data. We can see that there are cultural groups that are bound to trade more or less with other
cultural groups. We thus ask whether cultural proximity, measured as the cultural group-based
distance between firms, can determine trade.

We contribute to two strands of the literature. First, we speak to the role of cultural proximity on
trade [Bandyopadhyay et al., 2008, Guiso et al., 2009, Macchiavello and Morjaria, 2015, Rauch,
1996, Rauch and Casella, 2003, Rauch and Trindade, 2002, Richman, 2006, Schoar et al., 2008,
Startz, 2016, Zhou, 1996, Boken et al., 2022]. Cultural differences in international trade or across
administrative regions also interplay with non-cultural barriers. In contrast, we use transaction-
level firm-to-firm data to explore the effect of culture on trade that does not rely on cross-border
variation. This allows us to isolate the mechanisms at a granular level, and to provide a framework
that quantifies the role of cultural proximity for inter-firm trade.” We also connect to the importance
of cultural or social proximity on other economic outcomes, like entrepreneurship [Goraya, 2023],
finance [Fisman et al., 2017], the composition of the board of directors [Faia et al., 2021], and labor
markets [Munshi and Rosenzweig, 2016]. We complement this work by examining how culture
affects trade frictions. Understanding the source of these frictions or even leveraging them is key
to adequately determining the consequences of economic policy.

Second, we contribute to the literature on social cohesion [Alan et al., 2021, Alesina and Giu-

"In ongoing work, Boken et al. [2022] also shows the role of cultural proximity for inter-firm trade. We mainly
distinguish ourselves by leveraging data on prices, which allows us to estimate how cultural proximity influences
inter-firm trade through the alleviation of contracting frictions. Additionally, we explore a rich set of mechanisms, as
our data contains information to test how cultural proximity matters for inter-firm trade through discrimination (caste
hierarchies), order cancellations, firm survival over age, and how cultural proximity matters for firm-level complex-
ity. Leveraging other data, we implement a Heckman selection bias correction model to estimate trade elasticities
following Helpman et al. [2008].
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liano, 2015, Alesina et al., 2021, Alesina and Reich, 2015, Bazzi et al., 2019, Depetris-Chauvin
et al., 2020, Gradstein and Justman, 2019, Ritzen et al., 2000] and contract enforcement policies.8
We contribute by implementing a policy counterfactual analysis that quantifies the aggregate ef-
fects of education and court quality policies through cultural proximity.

The rest of the paper is structured as follows. In Section 3.2 we provide a brief review of the
caste system in India, describe our new datasets, and explain how we construct firm-level trade and
cultural proximity variables. In Section 3.3, we report our stylized facts, study the mechanisms
driving the effect of cultural proximity on trade, and robustness checks. In Section 3.4, we briefly
describe the model, how we estimate the model, and perform a counterfactual analysis. Section

3.5 concludes.

3.2 Background, data and construction of variables

3.2.1 Caste and Religion in India

India has a society that is heavily influenced by the parameters of a caste system: a hierarchical
system that has prevailed in the country since around 1,500 BC and that still rules its economy.
According to this classification, people are classified across four possible groups called Varnas.
From the most to the least privileged in hierarchical order, the four Varnas are Brahmins, Ksha-
triyas, Vaishyas, and Shudras. The Brahmins have historically enjoyed the most privileges, and are
traditionally comprised of priests and teachers. The Kshatriyas are next in the hierarchy, usually
associated with a lineage of warriors. The Vaishyas are third and are related to businessmen such
as farmers, traders, among others. Finally, the Shudras are the most discriminated against and are
the caste formed to be the labor class. Below these groups in the socio-economic hierarchy, were
marginalized groups called Dalits.

At the same time, Varnas are comprised of sub-groups called Jatis, determined by factors such
as occupation, geography, tribes, or language. In that sense, using Jatis as castes is appropriate for
studying economic networks [Munshi, 2019], and from here on, we use the notion of Jatis when
referring to castes.

We also consider religious groups to define other cultural groups. The caste system is inherently
based on Hindu religion, the predominant religion in India. While other religions in India did not
historically follow the caste system, they do relate to it today: the other non-Hindu religions work
as cultural groups of their own. We leverage information on firm owners belonging to both caste

and non-Hindu religious groups to construct our measure of cultural proximity.

8Contracting frictions can be either formal or informal. We show that informal channels, such as cultural proxim-
ity, matter in the aggregate when implementing policies.
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3.2.2 Data

Firm-to-firm trade. We obtain a new firm-to-firm trade dataset for a large Indian state provided
by the state’s corresponding tax authority.” We use daily transaction-level data from January 2019
to December 2019, as long as at least one node of the transaction (either origin or destination) was
in the state. This data exists due to the creation of the E-Way bill system in India in April 2018,
where firms register the movements of goods online for tax purposes. This is a major advantage
over traditional datasets collected for tax purposes in developing countries since the E-Way bill
system was created to significantly increase tax compliance. '’

The state has a diversified production structure, roughly 50 percent urbanization rates, and high
levels of population density. To compare its size in terms of standard firm-to-firm transaction
datasets, the population of this Indian state is roughly three times the population of Belgium,
seven times the population of Costa Rica, and double the population of Chile. In addition, we can
uniquely measure product-specific prices for each transaction, along with the usual measures of
the total value traded.

Each transaction reports a unique tax code identifier for both the seller and buyer. We use
these identifiers to merge this data with other firm-level datasets. We also have information on
all the items contained within the transaction, the value of the transaction, the 6-digit HS code of
the traded items, the quantity of each item, and the units the quantity is measured in. Since the
data report both value and quantity of traded items, we construct unit values for each transaction.
Each transaction also reports the pincode (zip code) location of both selling and buying firms. By
law, any person dealing with the supply of goods and services whose transaction value exceeds
50,000 Rs (600 USD) must generate E-way bills. Transactions that have values lower than 600
USD can also be registered, but it is not mandatory. There are three types of recorded transactions:
(i) within-state trade, (ii) across-state trade, and (iii) international trade. For this paper, we ignore

international trade.

Firm owner names. Information about the name of firm owners comes from two different
sources. The first is also provided by the tax authority of the Indian state, which is a set of
firm-level characteristics for firms registered within our large state. Among these variables, we

are provided with the name of the owner, directors and/or representatives of the firm.

9While we use the term *firm’ in most parts of the paper, these data are actually at the more granular establishment
level.

10Tax evasion rates are thought to have fallen with the E-Way bill system, given how it is implemented. A selling
establishment must online register the transaction, and print out a receipt that the driver of the transportation (usually a
truck) must carry with them while transporting the product. If the driver is stopped or checked at any of the numerous
checkpoints, and fails to produce a receipt, the goods are confiscated. Furthermore, the earlier VAT regime was only
for large firms, and the new GST system was aimed at including smaller firms too. For more details about the new
E-Way bill system, see https://docs.ewaybillgst.gov.in/
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Figure 3.2: Probability-weighted sales and purchases across cultural groups

(a) Sales (b) Purchases

Notes: Figure shows the decomposition of the probability-weighted sales and purchases across the 452
cultural groups in our dataset. The size of the rectangles reflects the share of sales and purchases.

To obtain firm-level characteristics of firms not registered in this state, we scrape the website
IndiaMART,"" the largest e-commerce platform for business-to-business (B2B) transactions in In-
dia. The website is comprised of firms of all sizes. By 2019, the website registered around 5-6
million sellers scattered all around India. Most importantly, this platform provides the name of the
owner of the firm and the unique tax code identifier. Thus, we use the platform to obtain these

variables for out-of-state firms.

Matching owner names to cultural groups. We follow Bhagavatula et al. [2018] to match
owner names to their Jatis (if the owners are of Hindu religion) or to their religion (in case the
owners are not Hindu). Their procedure consists of using scraped data from Indian matrimonial
websites that contain information on names, castes, and religions. They train a sorting algorithm
that uses names as inputs and gives a probability distribution across cultural groups per name as
outputs. We match these probability distributions to each owner’s name in our dataset. Notice that
our notion of cultural group-belonging is probabilistic and not deterministic. This probabilistic
approach is more relevant to our setup since, when firm owners trade with each other, they do not

know each other’s cultural group ex ante. Our sample finally consists of 452 cultural groups.

Merged dataset. For the analytical part, we merge the three previous datasets. We end up with a
sample that contains information from 21,497 unique firms, of which there are 10,010 sellers and
16,403 buyers. We drop any registered transaction in which the seller and the buyer are the same
firm. In total, the dataset comprises approximately 800 thousand transactions equivalent to 1.2

billion US dollars. Each firm is linked to a unique pincode. Finally, we assign a sector to each firm

Uhttps://www.indiamart .com/
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based on the ISIC codes of the goods sold. We provide more aggregate and firm-level statistics in
the Appendix Table C.1.

There is a large degree of heterogeneity across firms and cultural groups. Appendix Figure C.1
shows that there is a significant dispersion in sales per firm, although most of the firms within
the dataset can be classified as small. Furthermore, to provide a summary of the heterogeneity
of cultural groups present in the firm-to-firm trade data, we show the distribution of probability-

weighted sales and purchases across cultural groups in Figure 3.2.

3.2.3 Construction of variables

Inter-firm trade variables. The firm-to-firm dataset provides information at the transaction level
between any two registered firms. More specifically, we have information on (i) transaction-level
unique identifiers, (ii) seller and buyer unique identifiers, (iii) the 6-digit HS description of the
traded goods in each transaction, (iv) the total value of the transaction in rupees per type of good
involved in each transaction and (v) the number of units sold of each good in each transaction.
For every seller/buyer pair, we construct total sales, the total number of transactions, and unit
values. For the total sales, we add up all the sales between each given pair of firms in our sample.
We do the same with the total number of transactions. To obtain prices, we calculate the unit
values. We first calculate the total amount sold and the total units sold of each good at the 6-digit
HS level between each given pair of firms in our sample. Then, we divide the total amount sold by

the number of units sold for each good.

Cultural proximity. Consider the set X’ of cultural groups, where |X| = X = 452 in our final
dataset. Since not all names are deterministically matched to a cultural group, each firm in our
dataset has a discrete probability distribution over the set X of cultural groups. In particular, every
firm v has a probability distribution p, = [p, (1),...,p, (X)], such that 3%  p, (z) = 1. In
this part, we distinguish between the probability distribution over cultural groups of the seller and
the probability distribution over cultural groups of the buyer. Define p, (x) as the probability of
seller v of belonging to cultural group x. Similarly, define p,, (x) as the probability of buyer w
of belonging to cultural group x. Based on these two distributions, we construct the following
measure of cultural proximity: the Bhattacharyya coefficient [Bhattacharyya, 1943].

The Bhattacharyya coefficient between seller » and buyer w measures the level of overlap be-
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tween two different probability distributions.'”> We define it as

X

BC (r,w) = 3 v/ () pu (2).
a=1

Because 0 < p, () < land 0 < p, (z) < 1, we have that 0 < BC (rv,w) < 1. On the one
hand, BC (v,w) = 0 means the seller has a completely different probability distribution from the
buyer’s. In our context, this means the seller and the buyer have almost no chance of belonging
to the same cultural group or that their cultural proximity is the farthest. On the other hand,
BC (v,w) = 1 means the seller has the same probability distribution as the buyer. This implies that
the seller has the same probability of belonging to a group of certain cultural groups as the buyer
or that their cultural proximity is the closest possible.'® In robustness checks, we use the Kullback
and Leibler [1951] divergence measure (Appendix C.2.2). All our results are qualitatively similar,

and statistically significant when doing so.

3.3 Stylized facts

Fact 1: Cultural proximity fosters trade. We first discuss results related to the intensive margin
of the firm-to-firm trade. Figure 3.3 shows the residualized scatterplots between the Bhattacharyya
coefficient and two intensive margin measures: total sales between two firms and total transactions
between two firms. The scatterplots show a higher Bhattacharyya coefficient (buyer and seller
are probabilistically more alike in their cultural group) is related to a higher amount of sales and
transactions.

We confirm the findings using a gravity equation. For transactions from firm v to firm w in our

sample we estimate
Iny (v,w) =1, + 1, + 6BC (v,w) + n= (v,w) + € (r,w), (3.1

where y (v, w) is either the total sales n (v, w) or total transactions ¢ (v, w) from seller v to buyer w,

BC (v,w) is the Bhattacharyya coefficient, = (v, w) denotes geographic distance control variables

I2Notice the Bhattacharyya coefficient is not the Bhattacharyya distance, which is defined as BD (s,b) =
—log (BC (s,b)). We prefer the Bhattacharyya coefficient because it is easier to interpret.

3For our purposes, it is important that the cultural proximity measure we use is symmetric. To see why, consider
an example where, in our dataset, we have a transaction between a seller v and a buyer w, from which we obtain
BC (v,w). Further, assume that in our dataset, we record a second transaction in which the roles of the firms revert
(i.e. the buyer becomes the seller and vice versa), so we calculate BC (w, /). Regardless of the roles the firms take in
this second transaction, we want their cultural proximity to remain constant, as the membership of cultural groups is
fixed. This goal is achieved through the means of a symmetric proximity measure, and the Bhattacharyya coefficient
complies with this symmetry requirement, as BC' (v,w) = BC (w, V).
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Figure 3.3: Effect of cultural proximity on trade, intensive margin
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Notes: Results are residualized of seller fixed effects, buyer fixed effects, and log distance. Equally dis-
tanced bins formed over the horizontal axis. The size of the bubbles represents the number of transactions
in each bin. The higher the Bhattacharyya coefficient, the culturally closer the two firms are.

(such as the Euclidean distance between pincodes in which the firms are located dist (v, w) or
a district-level origin-destination fixed effect ¢.4), ¢, and ¢, are seller and buyer fixed effects.
Columns 1-4 of Table 3.1 present the results of the intensive margin estimation, which confirm the
preliminary findings from Figure 3.3. Columns 1 and 2 show that, on average, there will be a higher
amount of sales and transactions between a pair of firms when these firms are more alike in cultural
terms. Columns 3 and 4 show that these results remain strong after including origin-destination
fixed effects, which account for geographic distance but also control for other features that might
arise between a pair of locations, such as different terrains, different languages, location-specific
cultural ties, historical ties, etc.

Fact 2: Cultural proximity increases the likelihood of trading. Next, we estimate the ex-
tensive margin relationship. Given the size of our full dataset, the number of potential extensive
margin links is computationally large. For tractability, we modify our sample. In the first place, we
construct a sample with all possible combinations of in-state buyers and in-state sellers with cul-
tural group information. Then, we proceed to drop all potential transactions that include unfeasible
sectoral combinations. That is, we drop the combinations of firms that are involved in productive
sectors that never recorded a transaction in the data. Finally, we drop all unfeasible transactions
based on distance. This is to say, we drop the combinations of firms where the seller is further
away than the maximum recorded distance for the in-state buyer or vice versa.

With this sample, we construct a trade indicator variable ¢r (v, w) which is equal to 1 if there
is any kind of trade between firms v and w, and 0 otherwise. With this variable, we estimate a
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Table 3.1: Effect of cultural proximity on trade, intensive and extensive margins

(1) (2) 3) 4) ) (6)
Dep. Variable Log Sales Log Trans- Log Sales Log Trans-  Trade Trade
actions actions Indicator  Indicator
BC 0.100%**  0.066%*  0.129%**  0.076*** 0.0009*%** (0.0010%**
(0.033) (0.027) (0.034) (0.028) (0.0001)  (0.0001)
Log dist. -0.023  -0.065%** 0.0001
(0.015) (0.011) (0.0000)
Obs. 32,678 32,678 32,843 32,843 5,606,627 5,628,290
Adj. R2 0.415 0.359 0.410 0.356 0.617 0.0106
FE Seller, Seller, Seller, Seller, Seller, Seller,
buyer buyer buyer, buyer, buyer buyer,
origin x dest.origin x dest. origin x dest.

Notes: Columns 1, 2, 3 and 4 show the results of estimating Equation 3.1. Columns 5 and 6 show the
results of estimating Equation 3.2. *** ** and * indicate statistical significance at 1, 5, and 10 percent,
respectively. Sales and transactions refer to the total sales and total number of transactions for a given
pair of seller and buyer, respectively. The trade indicator is equal to 1 if there was at least 1 recorded
transaction for a given pair of seller and buyer, and it is equal to 0 otherwise. Origin-destination fixed
effect considers the district of the seller and the buyer. Standard errors are two-way clustered at the seller
and buyer level. Standard errors in parentheses. The higher the Bhattacharyya coefficient, the culturally
closer the two firms are. The number of observations varies between specifications due to the dropping of
observations separated by a fixed effect [Correia et al., 2019].

gravity-type specification:
tr(v,w) =t, + 1, + 6BC (r,w) + n= (v,w) + € (v,w, ). (3.2)

Columns 5-6 of Table 3.1 present the extensive margin results. We find that the higher the Bhat-
tacharyya coefficient, the more likely it is that two given firms will trade.

Fact 3: Cultural proximity lowers prices. Figure 3.4 now uses buyer-seller-product-month
groups and shows the residualized scatterplots between the similarity measure and the unit prices.
We see the higher the Bhattacharyya coefficient between two firms involved in a transaction, the
lower the price that will be charged. To confirm the results, we work with transaction-level data

and estimate:
Inp, (v,w,t) =ty + tgt + o + 0BC (v,w) + 1= (v,w) + €, (v,w) , (3.3)

where p, (v,w, t) is the unit value of good g (at the 6-digit HS classification) sold by firm v to firm
w in month ¢, ¢, is a seller-good fixed effect and ¢4 is a good-month fixed effect. We present the

results in Table 3.2, which confirms the previous findings from Figure 3.4: the culturally closer,
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Figure 3.4: Effect of cultural proximity on prices
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Notes: Results residualized of seller fixed effects and HS code fixed effects. Sectors are defined according
to the 6-digit HS classification. Equally distanced bins formed over the horizontal axis. The size of the
bubbles represents the number of transactions in each bin. The higher the Bhattacharyya coefficient, the
culturally closer the two firms are.

the lower the unit value of the transactions.

3.3.1 Mechanisms
3.3.1.1 Contracting frictions

Differentiated goods and contract enforcement. To understand the underlying forces driving
these empirical patterns, we explore the role of cultural proximity in alleviating contracting fric-
tions. The lack of contract enforcement in developing countries inhibits trade as sellers or buyers
may not comply with the terms of the contract. For instance, the buyer could hold up the seller
by withholding payment after the buyer receives the shipped goods. Differentiated or relationship-
specific goods are subject to more severe hold-up problems, as there are fewer alternative buyers
and sellers of such products, and buyers may withhold payment knowing that these goods are
not useful outside of the relationship. In that sense, differentiated goods rely on better contract
enforcement.

Contract enforcement can be either formal (e.g. courts) or informal (e.g. cultural proximity).
Most of the literature has focused on the role of formal institutions in enforcing contracts. We
hypothesize and show evidence that cultural proximity alleviates contracting frictions for differen-
tiated goods when formal contract enforcement is lacking [Nunn, 2007].

To bring in information about the type of product, we disaggregate our data at the transaction

level. Then, we classify the goods into differentiated goods and non-differentiated goods based on
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Table 3.2: Effect of cultural proximity on prices

1) (2) 3) “4) ) (6)

Dep. Variable Log Prices Log Prices Log Prices Log Prices Log Prices Log Prices
BC -0.069**  -0.069** -0.066**  -0.045*  -0.040*  -0.039*

(0.033) (0.033) (0.033) (0.023) (0.023) (0.022)
Log dist. 0.023 0.023 0.028%*

(0.016) (0.016) (0.017)
Obs. 230,744 230,744 226,645 235,001 236,617 230,900
Adj. R2 0.932 0.932 0.935 0.933 0.925 0.936
FE Seller x HS, Seller xHS, Seller x HS, Seller x HS, Seller x HS, Seller x HS,

buyer buyer, buyer, buyer, buyer, buyer,
month monthxHSoriginxdest. month, monthxHS,
origin x destorigin x dest.

Notes: This table shows the results of estimating Equation 3.3. Good g is defined according to 6-digit HS
classification. Prices trimmed by 4-digit HS code at 5 and 95 percent. ***, ** and * indicate statistical sig-
nificance at 1, 5, and 10 percent, respectively. Prices refer to unit prices of goods sold. Origin-destination
fixed effect considers the district of the seller and the buyer. Standard errors are multi-way clustered at the
seller, 4-digit HS and origin-destination level. Standard errors are in parentheses. The higher the Bhat-
tacharyya coefficient, the culturally closer the two firms are. The number of observations varies between
specifications due to the dropping of observations separated by a fixed effect [Correia et al., 2019].

the classification developed by Rauch [1999].1* We estimate the following specification:

Inng (v,w,t) =ty + tgr + b+ 0BC (r,w) + & (BC (v,w) x IgH7)

(3.4)
+nE(v,w) + € (v,0),

where n, (v,w,t) are the sales going from firm v to firm w of good g in month ¢ and I/ is
an indicator for differentiated goods."> Columns 2 and 3 of Table 3.3 present the results. Our
findings suggest that the baseline results of cultural proximity increasing trade are mostly driven
by differentiated goods.

To understand the channel for why trade in differentiated goods depends on cultural proximity,
we turn to the analysis of contract enforcement. We posit that, when facing poor contract enforce-

ment and poor quality of institutions, firms trading differentiated goods must rely on alternative

14 According to Rauch [1999] differentiated goods are the goods not traded in organized exchanges or not reference
priced in commercial listings. Differentiated goods have specific characteristics that “differentiate” (i.e. specialized
goods, branded goods) them from other, more homogeneous types of goods. Because of their relative uniqueness in
features, these goods are not as easily replaceable as non-differentiated goods and, as such, rely more on relationship-
specific types of trade. This means sellers and buyers must face search frictions to match to a suitable trade partner
and will likely not abandon the commercial matches they have already made.

I5We use both the conservative and liberal classifications from Rauch [1999]. The conservative classification
minimizes the number of goods classified as non-differentiated and, thus, has the largest amount of differentiated
goods. The liberal classification maximizes the amount of goods classified as differentiated and has the largest number
of differentiated goods.

77



Table 3.3: Effect of cultural proximity on trade by types of good, intensive margin

(1) (2) (3) “4) (5) (6)
Dep. Variable Log Sales Log Sales Log Sales Log Sales Log Sales Log Sales
BC 0.099%#*%* 0.018 0.039 0.069%** -0.019 0.013
(0.031) (0.050) (0.040) (0.027) (0.048) (0.038)
BC x ]I;“ff’c"” 0.122%* 0.139%*
(0.058) (0.059)
BC x ]I;“ff’”b 0.097%** 0.095%%*
(0.047) (0.047)
Obs. 174,352 174,352 174,352 177,584 177,584 177,584
Adj. R2 0.852 0.852 0.852 0.853 0.853 0.853
FE Seller xHHS, SellerxHS, SellerxHS, SellerxHS, SellerxHS, SellerxHS,
buyer, buyer, buyer, buyer, buyer, buyer,

monthxHS month xHS month x HS month x HS, month x HS, month x HS,
origin x dest.origin x dest.origin x dest.

Notes: This table shows the results of estimating Equation 3.4. *** ** and * indicate statistical signif-
icance at 1, 5, and 10 percent, respectively. Sales refer to the sales of specific good g for a given pair
of seller and buyer. Good ¢ is defined according to the 6-digit HS classification. Sales were trimmed
by 4-digit HS code at 5 and 95 percent. Origin-destination fixed effect considers the district of the seller
and the buyer. Standard errors are two-way clustered at the seller and 4-digit HS level. Standard errors
in parentheses. The higher the Bhattacharyya coefficient, the more culturally closer two firms are. The
number of observations varies between specifications due to the dropping of observations separated by a
fixed effect [Correia et al., 2019]. ]I‘;if feon indicates the good g is a differentiated one according to the
conservative classification of Rauch [1999]. 144/ /-1t indicates the good g is a differentiated one according
to the liberal classification of Rauch [1999].

mechanisms that substitute the formal ones. Here, cultural proximity arises as a substitute for the
trust and enforcement a well-functioning contract would have provided [Munshi, 2019, 2014].

To test this channel in our firm-to-firm setting, we use data from Ash et al. [2021], and calculate
two different measures of court quality in between 2010 and 2018. First, for each court at the
district level, we calculate the average number of days in between the filing of a case and its first
hearing, days/t. Second, for each of these courts, we also calculate the average number of days
between the filing and decision of a case, days?“*°*. The intuition is that the larger these two
measures, the more congested and/or the worse contract enforcement is.

However, our data is at the pairwise level, so we need to construct a measure that captures the
quality of the district court that corresponds to the seller on one side and to the buyer on the other
side. Thus, we take the average between the quality of the district courts of the seller and buyer, to

obtain measures daysfst(v,w) and daysdecsion (v, w). Formally, we have

daysfirst (V) + daysfirst ((,U)
9 )

daysfrst(v, w) = (3.5)
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and
daysdecision (V) + daysdecision ((,d)
2 Y

Lastly, to simplify our analysis, we create a discrete measure of pairwise court quality, where

daysdecision (I/, w) —

(3.6)

we define dummy variables

. 1 days/"s'(v,w) in upper quartile
Hcourt,fzrst<y7w) _ Y ( ) pper q : (37)
0 otherwise

Hcourt,decision<y w) — 1 daysdecision(y’ W) in upper quartﬂe (3 8)
0 otherwise
such that the pairs of worst-performing courts have a value of 1.
With these definitions, we turn to estimate the following specification, first for a sample of only

differentiated products, and then for a sample of exclusively non-differentiated products:

Inng (v,w,t) = tyg+ tg + Ly +BC (r,w) + & (BC (v,w) x I (v, w))

(3.9)
+n=(v,w) + € (r,0),

Table 3.4 shows the results of estimating Equation 3.9. Columns 1 and 7 show that cultural
proximity is important overall for differentiated goods. In contrast, we do not find such an effect
in Columns 4 and 7 for non-differentiated goods. This result echoes those of Table 3.3.

However, in Columns 2, 3, 8, and 9 we find that the impact of cultural proximity on trade is
particularly pronounced in places with court congestion for differentiated products. However, this
effect of court quality is absent for non-differentiated products, as Columns 5, 6, 11, and 12 show.

We interpret this as a suggestion that firms rely on cultural proximity as a source of trust in
places where institutions do not work well. In other words, cultural proximity acts as an informal
substitute for the trust that a well-functioning contract would provide, as argued by Nunn [2007].
Differentiated goods are branded and specific to certain producing firms. In a country with market
imperfections, firms can easily renege on their commitments. This is particularly exacerbated in
regions with poor court quality and low contract enforcement. Unlike homogeneous goods, firms
in differentiated good markets are not easily replaceable. As a result, firms buying or selling
differentiated goods will only trade with firms they know and trust, and perhaps are culturally

close.'® As we show, this is particularly exacerbated in areas where the court system is delayed

16This relates to Rauch [1999], who mentions that search frictions (i.e. having to look for a trustworthy supplier)
are more important to the trade of differentiated goods than to the trade of non-differentiated goods.
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and backed up.

Complexity. To further investigate how differentiated and complex products are particularly re-
liant on caste-based trade, we analyze how the cultural proximity results vary by the number of
varieties of goods bought and sold by firms. We first count how many 4-digit HS codes a firm buys

or sells. Then we estimate

Iny (v,w) = t, + tw + IBC (v,w) + N= (v,w) + (yvar

(3.10)
+( (BC (v,w) x var) + ¢ (v,w),

where vars®'® and varbereht

v v
sold

vars?'® and var?*9ht refer to the number of varieties sold and bought by the buyer.

w w

refer to the number of varieties sold and bought by the seller, while

Table 3.5 presents the results, which point to the effects of cultural proximity on trade being
stronger when firms buy and sell more varieties. Our interpretation of these findings is that firms
that buy and sell more varieties of goods have to face more contracting frictions, caused by having
to negotiate more contracts. Then, these firms, to minimize their load of contracting frictions, will
rely more on trading with counterparts that they trust. Moreover, this explanation based on trust
is compatible with the results related to differentiated goods and contract enforcement. In both
cases, we posit that the intensity of trade is driven by trust between firms, to overcome market

imperfections in India.

Cancellations. Our data is unique in that it records canceled transactions as well. Among the
diverse reasons for which cultural proximity could affect trade, we can also study reneged con-
tracts. In this section, we analyze whether it becomes more likely pairs of firms will cancel their

transactions if they are far in cultural terms. We estimate the following specification:
H;‘mcel (V,w,t) = tyg + tgt + Ly + 0BC (v,w) + nindist (v,w) + ¢, (v, w, 1), (3.11)

where Hg‘”‘cel (v,w, t) is an indicator that says if there was at least one canceled transaction going
from firm v to firm w of good g (at the 6-digit HS classification) in month ¢, ¢, is a seller-good
fixed effect, ¢4 1s a good-month fixed effect and ¢, is a seller-level fixed effect. Here, we control for
the month of the year to account for macro events that could have caused widespread cancellations.

Table 3.6 presents the results. We find that the closer firms are in cultural terms, the less likely it
is that there will be a cancellation. Here we must highlight that cancellations can occur for reasons

other than reneged contracts.
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Table 3.4: Effect of cultural proximity on trade interacted by court quality, intensive
margin

&) @) 3) “ &) ©)

Dep. Variable Log Sales Log Sales Log Sales Log Sales Log Sales Log Sales
Diff. good class. Conserv. Conserv. Conserv. Conserv. Conserv. Conserv.
Type of good Diff. Diff. Diff. Non-diff. Non-diff. Non-diff.
BC 0.093%*** 0.044 0.053 0.023 0.020 -0.005

(0.030) (0.036) (0.035) (0.055) (0.039) (0.035)
BC' x Jeourt.first 0.219%* 0.008

(0.100) (0.133)
BC x [eourt.decision 0.169* 0.066
(0.097) (0.149)

Obs. 122,793 122,793 122,793 46,735 46,735 46,735
Adj. R2 0.837 0.837 0.837 0.849 0.849 0.849
FE SellerxHS, SellerxHS, Seller xHS, SellerxHS, Seller x HS, Seller xHS,

buyer, buyer, buyer, buyer, buyer, buyer,
month x HS, month x HS, month x HS, month x HS, month x HS, month x HS,
origin x dest.origin x dest.origin x dest.origin x dest.origin x dest.origin x dest.

) ®) (€) (10) at (12)
Dep. Variable Log Sales Log Sales Log Sales Log Sales Log Sales Log Sales
Diff. good class. Liberal Liberal Liberal Liberal Liberal Liberal
Type of good Diff. Diff. Diff. Non-diff. Non-diff. Non-diff.
BC 0.104%%* 0.045 0.051 -0.029 -0.050 -0.060%*
(0.033) (0.040) (0.039) (0.047) (0.036) (0.035)
BC' x Jeourt.first 0.283%** 0.066
(0.120) (0.107)
BC' x Jeourt.decision 0.227%* 0.091
(0.113) (0.116)
Obs. 115,459 115459 115,459 54,000 54,000 54,000
Adj. R2 0.830 0.830 0.830 0.853 0.853 0.853
FE SellerxHS, SellerxHS, Seller xHS, SellerxHS, Seller x HS, SellerxHS,

buyer, buyer, buyer, buyer, buyer, buyer,
month x HS, month x HS, month x HS, month x HS, month x HS, month x HS,
origin x dest.origin x dest.origin x dest.origin x dest.origin x dest.origin x dest.

Notes: This table shows the results of estimating Equation (3.9). *** ** and * indicate statistical significance at the 99, 95
and 90 percent level respectively. Columns 1-3 shows results for differentiated goods according to the conservative classification
of Rauch [1999]. Columns 4-6 shows results for non-differentiated goods according to the conservative classification of Rauch
[1999]. Columns 7-9 shows results for differentiated goods according to the liberal classification of Rauch [1999]. Columns 10-12
shows results for non-differentiated goods according to the liberal classification of Rauch [1999]. Good g is defined according to
6-digit HS classification. Sales trimmed by 4-digit HS code at 5 and 95 percent. Standard errors two-way clustered at the seller
and 4-digit HS level. Standard errors in parentheses. The higher the Bhattacharyya coefficient, the culturally closer two firms
are. Number of observations varies between specifications due to the dropping of observations separated by a fixed effect [Correia
et al., 2019]. Teeurt:first indicates if the mean of the average number of days in between a court filing and first hearing for the
origin-district court and the destination-district court is above the 75th percentile of the distribution. [¢0uTt decision jndicates if
the mean of the average number of days in between a court filing and decision for the origin-district court and the destination-
district court is above the 75th percentile of the distribution.
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Table 3.5: Effect of cultural proximity on trade by number of varieties, intensive margin

(1) (2) (3) “4)
Dep. Variable Log Sales Log Sales Log Sales Log Sales
BC 0.111%%* 0.090%** 0.107%** 0.097*%*
(0.040) (0.040) (0.035) (0.039)
BC' x varsd 0.089
(0.126)
BC' x varbovaht 0.121
(0.084)
BC' x var:! 0.112%x*
(0.051)
BC' x varboudht 0.068
(0.043)
Obs. 32,843 32,843 32,843 32,843
Adj. R2 0.410 0.410 0.410 0.410
FE Seller, buyer, Seller, buyer, Seller, buyer, Seller, buyer,

originxdest. originxdest. originxdest.  originxdest.

5 (6) ) (3)
Dep. Variable Log Log Log Log
Transactions Transactions Transactions Transactions
BC 0.056* 0.030 0.056* 0.042
(0.032) (0.032) (0.029) (0.032)
BC' x vars! 0.095
(0.105)
BC x varbeusht 0.141%*
(0.067)
BC x varstd 0.104%%*
(0.042)
BC x Uarfj’“ght 0.0717%*
(0.036)
Obs. 32,843 32,843 32,843 32,843
Adj. R2 0.356 0.357 0.357 0.357
FE Seller, buyer, Seller, buyer, Seller, buyer, Seller, buyer,

originxdest. originxdest. originxdest. originxdest.

Notes: This table shows the results of estimating Equation 3.10. ***, ** and * indicate statistical signifi-
cance at 1, 5, and 10 percent, respectively. Sales and transactions refer to the total sales and total number
of transactions for a given pair of seller and buyer, respectively. Origin-destination fixed effect considers
the district of the seller and the buyer. Standard errors are two-way clustered at the seller and buyer level.
Standard errors in parentheses. The higher the Bhattacharyya coefficient, the culturally closer two firms
are. varietiess®!? and varieties?®“9"* refer to the number of different HS codes at the 4-digit level sold
and bought by the seller divided by 100, respectively. varieties:?!? and varietiest*9" refer to the num-

ber of different HS codes at the 4-digit level sold and bought by the buyer divided by 100, respectively.
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Table 3.6: Cancellations

(1) (2) (3) “4) 5) (6)
Dep. Variable Cancellation indicator (0/1)
BC -0.006* -0.006* -0.006* -0.005* -0.000 -0.005%*
(0.003) (0.003) (0.003) (0.003) (0.002) (0.003)
Obs. 252,191 252,191 248,192 256,819 258,481 252,829
Adj. R2 0.102 0.102 0.110 0.102 0.0695 0.108
FE Seller xHS, SellerxHS, Seller xHS, Seller x HS, Seller xHS, Seller x HS,

buyer buyer, buyer, buyer, buyer, buyer,
month  monthxHS origin xdest. month, monthxHS,
originxdestorigin xdest.

Notes: This table shows the results of estimating Equation 3.11 at the transaction level. ***, ** and
* indicate statistical significance at 1, 5, and 10 percent, respectively. Dependent variable is a dummy
variable that is equal to 1 if there was at least 1 cancellation of a transaction involving good g for a given
pair of seller and buyer. Good g is defined according to 6-digit HS classification. Sales are trimmed by
4-digit HS code at 5 and 95 percent. Origin-destination fixed effect considers the district of the seller and
the buyer. Standard errors are two-way clustered at the seller and 4-digit HS level. Standard errors are
in parentheses. The higher the Bhattacharyya coefficient, the culturally closer firms are. The number of
observations varies between specifications due to the dropping of observations separated by a fixed effect
[Correia et al., 2019].

3.3.1.2 Preference-based mechanisms and discrimination.

Social hierarchies. To investigate the importance of vertical hierarchies and discrimination
across cultural groups, we study whether there are asymmetric effects in transactions in which
one firm is placed higher than the other based on the Varna-based hierarchy. This is one way of
testing for preference-based discrimination across the social hierarchy. We define the Varna or
religion for which a firm has the highest probability of belonging to.!” We do not find evidence
that hierarchies (and preference-based discrimination) across social groups matter for our cultural
proximity results.

and I

belongs to a higher hierarchy than the buyer. The second indicates the seller is placed below the

We use of two different indicators: I The first one captures that the seller

VHWL VLWH *

buyer in the social hierarchy. We include these two indicators by interacting them with our measure
of cultural proximity.

For the intensive margin, we estimate

Iny (v,w) =1, + 1, + 6BC (v,w) + n= (v,w) + G (BC (v,w) X I,,,,,)

(3.12)
+( (BC (v,w) X I, 0y,) + € (r,w),

7While the Varna-based hierarchy only relates to the Hindu religion, we also place other religions in this hierarchy
based on their income levels.
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Table 3.7: Effect of cultural proximity on trade by vertical hierarchies, intensive and
extensive margins

&) 2 3) “4) ®) (6)
Dep. Variable Log Sales Log Trans- Log Sales Log Trans- Trade Trade
actions actions  Indicator Indicator
BC 0.099***  0.068**  0.129*** 0.079*** (0.0010*** 0.0010%**

(0.034) (0.028) (0.035) (0.029)  (0.0001) (0.0001)
D 0.023 0.097 0.008 0.072 -0.0002  -0.0003
(0.113) (0.091) (0.116) (0.092)  (0.0003) (0.0003)

BC x1

BC x1,,., 0.045 -0.076 -0.027 -0.123 -0.0002  -0.0004
(0.128) (0.102) (0.129) (0.103)  (0.0002) (0.0002)
Obs. 30,997 30,997 31,119 31,119 5,456,512 5,477,548
Adj. R2 0.418 0.360 0.412 0.357 0.614 0.0107
FE Seller, Seller, Seller, Seller, Seller, Seller,
buyer buyer buyer, buyer, buyer buyer,
origin x destorigin x dest. originxdest.

Notes: Columns 1, 2, 3 and 4 show the results of estimating Equation 3.12. Columns 5 and 6 show the
results of estimating Equation 3.13. ***, ** and * indicate statistical significance at 1, 5, and 10 percent,
respectively. Sales and transactions refer to the total sales and total number of transactions for a given
pair of seller and buyer, respectively. Origin-destination fixed effect considers the district of the seller
and the buyer. Standard errors are two-way clustered at the seller and buyer level. Standard errors are
in parentheses. The higher the Bhattacharyya coefficient, the culturally closer the two firms are. The
number of observations varies between specifications due to the dropping of observations separated by a
fixed effect [Correia et al., 2019]. The subindex that accompanies v denotes the hierarchical position of
the seller, while the subindex that accompanies w denotes the hierarchical position of the buyer. H denotes
a higher position and L denotes a lower position. The baseline category is when both firms have the same
hierarchical position.

while for the extensive margin we estimate

tr(v,w) =t, + 1y, + 6BC (r,w) + n= (v,w) + (1 (BC (v,w) x L,,,4,)

(3.13)
+( (BC (v,w) X L, wy,) + € (v,w,t).

Table 3.7 presents the results for the intensive and extensive margins. The baseline category is
that both firms belong to the same hierarchy. First, we find the baseline coefficient is very similar
to those of Table 3.1. Second, we find there is no additional effect of cultural proximity when
firms are placed differently in the hierarchy. We conclude that strong asymmetric effects caused
by vertical discrimination across cultural groups are unlikely. The effect of cultural proximity is

similar, whether or not the firms trading belong to the same or different hierarchies.

Age of firms. Preference-based discrimination is not profit maximizing, and is likely to lead to

discriminating firms exiting the market. We follow Becker [1957] to analyze whether taste-based
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discrimination is behind our main findings. If there is taste-based discrimination, then we should
see that firms that sell to culturally close firms at lower prices are willing to forego profits because
of their preferences. A consequence would be that these firms are more prone to go bankrupt.

For our empirical analysis, we leverage information on the establishment date from IndiaMART
(the date on which a firm was established) and registration date from the tax authority (the data in
which a firm obtained its permit to trade). If there is taste-based discrimination, then we should see
older firms relying less on cultural proximity. This would mean that firms that had a preference for
selling to firms culturally close to them eventually went bankrupt, while the survivors were those

firms that did not show these preferences. Here, we estimate

Iny (v,w) = t, + 1w + 0BC (v,w) + n= (v,w) + ¢ (BC (v,w) x In(age (v))) + ¢ (v,w), (3.14)

where age (v) is the age of seller v.

Table 3.8 shows the results for a modified version of the intensive margin regressions according
to Equation 3.1. If there was taste-based discrimination, then the interaction between the measure
of cultural proximity and age should have a negative coefficient. However, we find weak evidence

for taste-based discrimination, such that we cannot conclude this is the reason behind our results.

3.3.1.3 Cultural-group cartels

We explore whether our empirical patterns can be rationalized by a narrative of certain cultural-
group cartels controlling a certain sector or market location, and excludes outsiders. This would
imply different normative conclusions, as stabilizing cartels would lead to an efficiency loss. While
not widely highlighted in the literature, certain case studies exist that may tangentially support
these narratives. Such as the example of the Gounders community’s specialized knitted garment
production in Tirupur [Munshi, 2019].

For this analysis, we first measure the Herfindahl-Hirschman index (HHI) of cultural-group con-
centration, and test the importance of it in moderating the impact of cultural proximity. We mea-
sure the HHI across castes at the product level H H I 900d and then the location level H H [4istrict,
Then, we assign each seller v to their corresponding caste’s HHI. The idea is to test if products
or places with more market concentration (where cartels may survive and be important) have a
greater positive impact of cultural proximity.

Furthermore, in order to simplify the interpretation of our results, we define the dummy variable

1 HHI(v) in upper half
THHI (1)) — () in upp , (3.15)
0 otherwise
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Table 3.8: Effect of cultural proximity after controlling for establishment age of sellers,
intensive margin

(1) (2) (3) 4)
Dep. Variable Log Sales Log Log Sales Log
Transactions Transactions
A) IndiaMART
BC 0.734%%* 0.489* 0.800%* 0.479
(0.355) (0.296) (0.371) (0.311)
BC x In (age (v)) -0.199% -0.124 -0.207* -0.122
(0.111) (0.090) (0.112) (0.091)
Obs. 6,334 6,334 5,859 5,859
Adj. R2 0.428 0.303 0.387 0.237
B) Tax Authority
BC 0.164 0.217%* 0.150 0.233%*
(0.115) (0.094) (0.116) (0.097)
BC x In (age (v)) -0.032 -0.076%* -0.016 -0.082**
(0.050) 0.041) (0.050) (0.041)
Obs. 18,268 18,268 18,810 18,810
Adj. R2 0.406 0.333 0.403 0.332
FE Seller, buyer Seller, buyer Seller, buyer, Seller, buyer,

originxdest. originxdest.

Notes: Columns 1, 2, 3 and 4 show the results of estimating Equation 3.14. *** ** and * indicate
statistical significance at 1, 5, and 10 percent, respectively. Sales and transactions refer to the total sales
and total number of transactions for a given pair of seller and buyer, respectively. Origin-destination
fixed effect considers the district of the seller and the buyer. Standard errors are two-way clustered at the
seller and buyer level. Standard errors are in parentheses. The higher the Bhattacharyya coefficient, the
culturally closer two firms are. Number of observations varies between specifications due to the dropping
of observations separated by a fixed effect [Correia et al., 2019]. In Panel A, the age of the seller comes
from data reported in IndiaMART. In Panel B, the age of the seller comes from data reported by the tax
authority.

86



Table 3.9: Effect of cultural proximity on trade interacted with market concentration,
intensive margin

€)) 2) 3) “)

Dep. Variable Log Sales Log Sales Log Sales Log Sales
BC 0.069** 0.083##* 0.062%%* 0.078***

(0.032) (0.030) (0.030) (0.027)
BC x [HHIgood 0.006 0.010

(0.046) (0.049)
BC x [HHIdistrict -0.043 -0.049

(0.059) (0.051)

Obs. 226,039 225,775 229,719 229,719
Adj. R2 0.853 0.853 0.854 0.854
FE SellerxHS, SellerxHS, SellerxHS, SellerxHS,

buyer, buyer, buyer, buyer,

monthxHS monthxHS monthxHS, monthxHS,
origin x dest. origin x dest.

Notes: This table shows the results of estimating Equation (3.16). ***, ** and * indicate statistical significance at the 99, 95 and 90
percent level respectively. Sales refer to the sales of specific good g for a given pair of seller and buyer. Good g is defined according to
6-digit HS classification. Sales trimmed by 4-digit HS code at 5 and 95 percent. Origin-destination fixed effect considers the district
of the seller and the buyer. Standard errors two-way clustered at the seller and 4-digit HS level. Standard errors in parentheses. The
higher the Bhattacharyya coefficient, the culturally closer two firms are. Number of observations varies between specifications due
to the dropping of observations separated by a fixed effect [Correia et al., 2019]. I 1,900d jndicates the caste of the seller is in the
upper half of the good-based HHI distribution. 17 H1,district jndicates the caste of the seller is in the upper half of the district-based
HHI distribution.

that is, the dummy variable will be equal to 1 for those firms that belong to the castes with
higher HHI.

Then, we estimate the following regression:

Inng (v,w,t) = g+ tg + to + 6BC (v,w) + £ (BC (v,w) x T (1))

(3.16)
+n= (v, w) + €, (v, w).

Table 3.9 shows that market concentration has little effect on the impact of cultural proximity
on sales. While we find little evidence of cartels driving our effects, we are unable to rule out that

such forces may not be at play for certain products and locations.

3.3.1.4 Family ties and names

We further explore how family ties may facilitate trade. That is, we analyze how much of the
cultural proximity picks up larger family links.
Here, since we have names of individuals, we can create a measure of how similar names are

and see their relationship with trade. Indian names have various spellings (e.g., Bhattacharyya and
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Bhataccharya), and so we require a measure of distance between names. We first define name

distance measure dist™*¢ as follows

L(v,w)

d‘ tname —
' (v ) maz (len (v) ,len (w))’

where the denominator L (v, w) is the Levenshtein distance, and the numerator is the maximum in
between the length of the last name of seller v and buyer w.

The Leveshtein distance measures how many changes have to be made to the seller’s last name
in order to match the buyer’s last name (i.e. changing a character, erasing a character, adding a
character). Moreover, we divide this distance measure to normalize it to the number of characters
contained in the last names of the seller and buyer. Thus, the larger the distance measure between
names dist™*™¢, the more different the last names of the seller and buyer are.

To see if our cultural proximity measure BC(w, ) contains information that goes beyond firm
owners sharing a last name, we modify Equation 3.1 to now include the name distance measure.

Therefore, we estimate:

Iny (r,w) =1, + 1, + 6BC (v,w) + n= (v,w) + £dist™™™ (v,w) + € (v, w) , (3.17)

Table 3.10 shows the results of estimating Equation 3.17. Names do matter, in that the closer
the names are, the more the trade. Yet, even after controlling for name distance, the result for
cultural proximity and trade remains almost identical. That is, even after considering how similar
the names are, cultural proximity facilitates more trade. This suggests that the cultural proximity

measure BC'(w, v) captures information beyond firms sharing the same last name.

3.3.2 Discussion of stylized facts

The stylized facts show that higher cultural proximity between a pair of firms favors trade in both
the intensive and extensive margins, as well as lowers the price of the goods they trade. We discuss
the possible mechanisms that may give rise to these findings.

Contracting frictions. In Section 3.3.1.1 we argue that contracting frictions could be the reason
that drives the cultural proximity results. India is a country that suffers from a severe lack of
contract enforcement. A priori, a buyer may not know if the seller will deliver the goods under the
agreed conditions (delivery, quality, etc.). Likewise, a priori, the seller may not know if the buyer
will pay under the agreed conditions. This means buyers and sellers incur contracting frictions to
find suitable trading partners [Boehm and Oberfield, 2020]. Quantity-wise and matching-wise, this

lowers trade as firms must pay a matching cost. Price-wise, this increases prices as the matching
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Table 3.10: Effect of cultural proximity on trade, augmented with name distance, inten-
sive margin

(1) (2) (3) 4)
Dep. Variable Log Sales Log Log Sales Log
Transactions Transactions

BC 0.099%** 0.067** 0.129%%%* 0.083***

(0.039) (0.031) (0.039) (0.031)
In dest -0.020 -0.062%%*

(0.017) (0.013)
distmeme -0.378*** -0.303*** -0.415%** -0.290***

(0.094) (0.075) (0.093) (0.073)
Obs. 24,057 24,057 23,999 23,999
Adj. R2 0412 0.364 0.404 0.362
FE Seller, buyer Seller, buyer Seller, buyer, Seller, buyer,

origin xdest. originxdest.

Notes: This table shows the results of estimating Equation (3.17). ***, ** and * indicate statistical significance at 1, 5, and 10
percent, respectively. Sales and transactions refer to the total sales and total number of transactions for a given pair of seller and
buyer, respectively. Origin-destination fixed effect considers the district of the seller and the buyer. Standard errors two-way clustered
at the seller and buyer level. Standard errors in parentheses. The higher the Bhattacharyya coefficient, the culturally closer two firms
are. Number of observations varies between specifications due to the dropping of observations separated by a fixed effect [Correia
et al., 2019]. The larger the name distance dist™ "€, the more different the names of the firm owners are.

cost is passed down by the sellers to the aforementioned prices.

In this case, cultural proximity can work as a proxy for information and trust: culturally close
firms may know and trust each other, and informally enforce contracts with social and reputational
pressures. The higher the cultural proximity, the lower the contracting frictions. As a result, there
would be more trade and lower prices, consistent with our previous findings. In Section 3.4.1, we
present a simple theoretical framework in which cultural proximity affects contracting frictions and
affects trade and prices. Our model suggests that if contracting frictions drive initial trade barriers,
cultural proximity may reduce such frictions.

Preference-based mechanisms and discrimination. We argue the results are unlikely to emerge
from buyers having an inherent preference for buying from sellers culturally close to them. This
preference would be a demand shifter that is active for those sellers that are close in cultural terms.
While this would certainly increase the quantity traded, it would increase the price of traded goods,
a result inconsistent with our previous findings.

The stylized facts can arise from having sellers that show a preference for selling to culturally
close buyers. This would imply increased supply for those buyers who are culturally close to the
seller. However, we do not find conclusive evidence of this channel.

Discrimination from high-caste cultural groups against low-caste cultural groups may again re-

duce trade. Yet, we find there is no additional effect of cultural proximity when firms are placed
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differently in the hierarchy. As such, we detect no asymmetric effects caused by vertical discrimi-
nation across cultural groups.

Cultural-group cartels. For the cultural-group cartels driving our results, while we cannot,
conclusively rule out this narrative, we find little evidence in support of it.

We begin with the empirical assumption that cartels are more likely to have market power on
a particular set of products or locations. It is challenging for a cartel to exist in a broad variety of
industries and locations all over the country; as they may need substantial market power in many
industries and regions. Yet, in Table 3.5 we show that, if anything, our results are stronger when
more products are transacted — perhaps as more products imply more contracting frictions.

Furthermore, if cartels specialize in producing certain goods, in Appendix Table C.8 we find
evidence that the effects of cultural proximity are not particularly stronger when firms sell the
goods in which their own castes specialize in. Relatedly, even if the cartel is not focused on certain
products, it may have a presence in a broader industry. But in controlling for seller-industry-by-
buyer-industry fixed effects, our results are similarly robust, as Appendix Table C.9 shows.

In a similar vein, it is unlikely that these cartels emerge out of regional concentration and market
power, as our regressions include origin-by-destination fixed effects, which implies we are looking
within location pairs.

Lastly, our results are also inconsistent with the insight that cartels often consist of entrenched
old firms. Table 3.8 shows that, for older firms, cultural proximity matters less, perhaps as they
have smoothed out contracting frictions over time.

Family ties and names. In this part, we argue that cultural proximity encodes information that
goes beyond firm owners sharing a name.

First of all, as our results in Section 3.3.1.4 show, firm owners having similar last names does
matter for trade. The closer the two last names are, the more trade there will be. However, the
results also show that after controlling for how similar names are, the main result of cultural prox-
imity over trade remains.

This suggests that cultural proximity contains more information than just people sharing a name
or having family ties. For instance, assume there are two firm owners that belong to the same caste
(or even the same family) but have different last names. Our cultural proximity measure captures
the fact the fact these two people from the same caste but with different names are culturally close,

whereas the simple name distance measure would wrongly classify them as culturally distant.

3.3.3 Robustness

We examine alternative specifications and heterogeneity in responses that shed light on various

other channels in Appendix C.2.
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Correction for selection bias. Helpman et al. [2008] shows that the standard gravity equation
estimations are biased as they do not account for selection issues. We follow their suggested correc-
tion in Appendix Tables C.3 and C.4. As the correction mentions, we need an excluded instrument
that affects only the extensive margin (i.e. the matching cost) and not the intensive margin (i.e. the
trade cost). We consider the participation of both seller and buyer in the IndiaMART online B2B
platform, under the idea that online platforms should reduce their matching costs. The results show
that the coefficients are downward biased if we do not account for the selection issues. Therefore,
our main results in the paper provide a lower bound on the effect that cultural proximity has on the
intensive margin of trade.

Alternative cultural proximity measure. As an alternative to the Bhattacharyya coefficient,
we perform estimation exercises using a symmetric version of the Kullback and Leibler [1951]
divergence. Tables C.5 and C.6 show our baseline findings are robust to this alternative cultural
proximity measure.

Language. We test whether the results we find are driven by linguistic similarity. To do so, we
follow the two linguistic distance measures from Kone et al. [2018]. Appendix Table C.7 shows
that language does not affect the cultural proximity results already established.

Goods specialization. Cultural groups in India are, in many cases, defined by the production of
specific goods [Munshi, 2019].!® Therefore, we analyze if the reason behind the cultural proximity
results is cultural groups specializing in the production of certain goods and, given this, forming
special bonds with their specific set of buyers. In Appendix Table C.8 we do not find evidence of
good specialization driving the results. This means that cultural proximity matters for all types of
goods: for those in which a cultural group specializes and for those in which a cultural group does
not specialize too.

Industry pair linkages. In the production matrix of an economy, some sectors are more likely
to trade with others because of the nature of their activities. The same cultural group may happen
to participate in the same industry. In Appendix Table C.9, we present the results for the intensive
margin after adding an industry of seller x industry of buyer fixed effect. We find that the result of

there being more trade between culturally closes firms prevails.

3.4 Quantitative Importance of Cultural Proximity

In this section, we perform a counterfactual analysis to quantify the importance of cultural prox-
imity for trade and welfare. First, we describe the model. Then, we describe how we estimate and

calibrate the model. Finally, we perform three counterfactual scenarios. In particular, we show the

8We can also understand this as certain cultural groups specializing in certain occupations.
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importance of cultural proximity by implementing (i) social inclusion/mixing policies, (ii) social

isolation policies, and (iii) reduction of contracting frictions.

3.4.1 Model

Summary. We build a quantitative inter-firm trade model and cultural differences between firm
owners. The economy is comprised by a representative household and a continuum of firms. The
representative household has preferences over all goods in the economy. Goods are differentiated
and produced by the firms. Each good can be consumed by the household as a final good, or
purchased as an intermediate input by other firms. Trade between the household and firms is
riskless, but trade between firms is risky such that equilibrium price between firms is subject to a
risk premium. Finally, we consider an endogenous firm network, so sellers optimally match with
buyers, such that the profits of matching are larger than matching costs. Following our stylized
facts, both premium and matching costs are a function of the cultural proximity between firms. For

further details of the model, see Appendices C.3 and C.4.

Technology. There is a continuum of firms that operate under monopolistic competition and
produce differentiated goods indexed by w. Since each firm produces a unique good, w denotes a
firm or a good. We consider a roundabout production economy, so firms can purchase intermediate
inputs from all firms in the economy. Each firm produces its differentiated good with hired labor
from the representative household and intermediate inputs.

Firms are ex ante heterogeneous in their cultural endowments. This captures the idea that a
firm owner is born within a cultural setup that he inherits and then uses to interact with other
firm owners. To match with our empirical section, we consider that each firm receives a vector of
cultural endowments p,,, so we can construct a measure of cultural proximity between firms v and
was BC (v,w) = \/PvPu-

Firms operate in three steps. First, sellers endogenously choose buyers (i.e. matching). In
particular, a seller v sells to buyer w whenever the profits of doing so are larger than ¢F' (v, w),
where F' (v,w) are pairwise fixed costs of matching, and € are i.i.d. log normal errors. Guided
by our stylized facts, cultural proximity BC' (v, w) between seller v and buyer w determines the
pairwise matching costs F' (v,w). Sellers are looking for buyers, and vice-versa. Firms can meet
costlessly, so all firms can meet each other before deciding who to match with. The purpose of
a meeting is to infer the fixed costs the seller would incur if they were to trade with each buyer.
Culture encodes information that is useful for sellers to decide which buyer to sell to [Allen et al.,

2019, Balmaceda and Escobar, 2017].". Guided by our stylized facts, we consider matching costs

19There could be other microfoundations motivating how culture influences matching costs (e.g. risk-sharing as in
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to be a function of cultural proximity. In particular, we consider an exponential function of fixed

matching costs to cultural proximity, such that
F(v,w) =k +exp(—yBC (v,w)), (3.18)

where v > 0 measures the sensitivity of the pairwise matching cost to the cultural proximity
BC (v,w), and & is a scaling constant. The intuition behind parameter + is that it captures insti-
tutional features, like court quality. In this sense, Appendix Table C.2 suggests that parameter ~y
increases in magnitude when I°“"* = 1 and firms face weak court quality. The lower the quality
of courts is, the larger parameter v is, and the more firms rely on cultural proximity to match.
Second, upon matching, seller » and buyer w set up the terms of the contract. There is a risk that
the buyer withhold payment after the seller ships the goods. The seller’s concerns around this issue
can be monetized in the premium that the seller charges to the buyer. This premium gets passed to
the unit price p (v, w) that results from profit maximization p (v,w) = uc(v) d (v,w), where ¢ (v)
is the marginal cost, y = —Z; is a markup, and d (v,w) > 1 is a risk premium. Guided by our
stylized facts, we posit that cultural proximity BC (v, w) between seller v and buyer w determines

d (v,w).”® We then consider that the premium is
d(v,w) = exp (BBC (v,w) + € (v,w)), (3.19)

where § < 0 is a trade cost semi-elasticity, and € (v,w) are unobservables.  depends on institu-
tional features, like court quality.”!

Third, firms maximize profits by selling to other firms and the household subject to the firms’
and the household’s demand. From the demand of intermediates and firm pricing, we can obtain

the gravity equation as
log (n(v,w)) =t, + 1, + (1 —0o)log (d(v,w)), (3.20)

where ¢, and ¢, are seller and buyer fixed effects, also known as multilateral resistance terms.
Here, the premium d (v, w) enters the gravity equation as a trade cost. This gravity equation relates

directly to Equation 3.1 that we estimate.

Ambrus et al. 2014, Bloch et al. 2008). These would generate similar frictions at the extensive and intensive margin.
20This is similar to earlier work on how culture can be an informal institutional channel to solve hold-up problems.
This would be consistent with other microfoundations on how culture influences trade costs due to reputation [Banerjee
and Duflo, 2000, Chen and Wu, 2021] or loyalty [Board, 2011].
2Based on the result of Table 3.4, we know model parameter 3 increases in magnitude when I°°“"* = 1 and firms
face bad courts. As such, J relates to how firms respond to court quality: the lower the quality of the courts, the larger
the magnitude of 3, and the more important cultural proximity is for trade.
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Preferences. A representative household demands goods with from all firms and inelastically

fed

71 p— . .
¥ (W) dw) " subject to its

budget constraint [ _,p(w)y (w)dw < Y, where y (w) is the household demand for good w,

supplies labor to firms. The household maximizes utility < f

p (w) is the price the household pays for good w, and Y is total income. This generates the demand
function = (w) = p(w)' 7 p"~Y, where z (w) = p(w)y (W), and p = ([ _,p(w)' )" " isa
CES price index. Finally, since firm w sells its good to the household without risk, the price is

p (w) = pc (w), where p is the markup and ¢ (w) is firm w’s marginal cost.

3.4.2 Estimation and calibration

Here we explain how we estimate the key parameters of the model on cultural endowments, (in-
tensive) trade costs, and seller matching costs. We also describe how we calibrate the remaining

parameters of the model.

Cultural endowments p. For the cultural endowments, we assume each firm v has a probability
vector p, = [p, (1),..., p, (452)] of belonging to each of the 452 cultural groups, we observe
in the data. We further assume the elements of p,, are randomly drawn from a Dirichlet distribu-
tion, such that p, (1) ,...,p, (452) ~ D (ayq, ..., ays2), Where o, .. ., auyzo > 0 are concentration

parameters.?? The probability density for the Dirichlet distribution is

T 452 452 a 3
pu(1>7"'7pu(452)ND(al""7a452> (Z H ’ 1

H452
r=1 a: =1

h th 0,1 12 — 1, where T'(.) is th function and (i)
such that p, (z) € [0,1], > po (x) = 1, where I' (.) is the gamma function an AT
is a normalization constant. To ensure the theoretical Dirichlet distribution produces draws that
are similar to the probabilities we see in the data, we estimate the vector o« = [ a1, ..., Q59 ]
parameters by maximum likelihood.”®> Let ¢ = {p1,..., pn~}, where N is the total number of

firms. Then, the log-likelihood function is

Inpr(gla) = NInT (307 a,) =N 302 InT (a,) +

NEE (= 1) (3T g () o2y

Trade costs d. From Equation 3.19 we need an estimate for 5. Our setup produces a clear

empirical counterpart that we already estimated in the reduced-form section, conditional on high-

22For a given , the higher this parameter, the more disperse the realizations of p,, () are across firms v.
Z3For this, we use the Matlab toolboxes fastfit and 1ightspeed by Tom Minka. We present the estimated
parameters in Appendix Figure C.2.
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dimensional fixed effects. So we obtain an estimate for this parameter by linking the theoretical
gravity Equation 3.20 to the empirical gravity equation results (Column 1 from Table 3.1). Thus,
we obtain 8 = —0.03.%

Matching cost /. From Equation 3.18, we need an estimate for . We do this in two steps. First,

using the extensive margin sample we run the following estimation

In [n (z, z/ﬂ =1, +1, +0BC (z, z/> +nln <dz’st (z, z,>) +¢€ <z, z/> , (3.22)

where we apply the inverse hyperbolic sine transformation to the dependent variable, so as to not

lose the cases in which there is zero trade. With this, we recover
In[n(zz2) =12 +1,+ 6BC (z, z/> +7ln <dist (z, z/>> :

where the hats denote estimated parameters and In [n/(Zz’)] are the predicted sales. This variable
predicts what would be the sales for a pair of seller and buyer even in the case they did not actually

trade in the data. Second, we combine and rearrange Equations (C.10) and (3.18), such that

[ (z,z/> = / 1 [ln <6 (z,zl>> <In [n/(Zz’)] —In(o) —yBC (z, z,ﬂ dH (6 (z,;/)) ,
n<z’z,> (3.23)

where we use the fact that 7 (z, z/) = —— and replace In [n (z, z')] by its estimated counterpart

In [n/(Zz’)}.% We estimate this last equation with a probit (assuming € (z, 2 )is log-normally
distributed). We find that v = —0.13, and statistically different from 0.2

Calibrated parameters and SMM. We calibrate the labor cost share a = 0.52, the value re-
ported for India for 2019 from the Penn World Tables [Feenstra et al., 2015]. This value also
considers the informal sector, which plays a large role in India. For the markup we use p = 1.34,
which is the median markup across all Indian sectors reported by De Loecker et al. [2016]. This
markup 1mplies an elasticity of substitution across suppliers o = 3.94. Following Bernard et al.

[2022] we normalize the total number of workers L = 1, take the nominal wage as the numeraire

24Even though the wedge also appears in the price Equation C.11 of the model, we do not estimate this equation to
identify 3. The reason is that the price equation is not an equilibrium equation, while the gravity equation is. Also, for
our simulations we add a constant to the trade cost, such that the minimum trade cost is equal to 1. Therefore, in our
simulations we have d (v, w) = exp (—f + SBC (v,w)).

ZFor these estimations we ignore the scaling constant « that appears in Equation 3.18.

26We present the results of the estimation in Appendix Table C.2. Also, for our simulations we add a constant
to the matching cost, such that the minimum matching cost is equal to «. Therefore, in our simulations we have

F (z,z/) =K+ exp (—7 +vBC (z,z/>) .
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so w = 1, and set the total number of firms N = 400.

For the log-productivity distribution, we assume a mean () = 0. The remaining parameters
are (i) the standard deviation of the log-productivity distribution oy, ,) and (ii) the mean (), (iii)
the standard deviation oy, of the link function noise distribution and (iv) the scaling constant for
the pairwise matching cost . We estimate these four parameters so as to match targeted moments
from the data, using a simulated method of moments (SMM). We explain this procedure below.

In Appendix C.5, we describe details on the targeted and untargeted moments we use. We show
that, when it comes to the targeted moments, the model can very closely replicate the empirical

ones. For the untargeted moments, the model gets reasonably close to the data.

3.4.3 Counterfactual analysis

We now present the results of various counterfactual exercises. First, we evaluate the effects of
social mixing/inclusion and isolation policies, whereby we change the cultural proximity between
firms (in our model terms, changing BC' (z, z')). Second, we study the effects of a policy that
reduces contracting frictions, such that firms rely less on cultural proximity when trading (in terms
of our model, shrinking parameters 3 and ).

To evaluate each scenario, we measure what happens to various model-based statistics. Welfare

is measured by real wage, W = . To quantify the impact on aggregate productivity, we con-

1
sider a sales-weighted average productivity measure such that Z = (ijv:l o3y _1> o , where ¢,
represents the proportion of the sales of firm v over the total sales of the economy.

To analyze the impact on the total economic activity, we measure total sales S = Z]VV:1 Su,
where S, are the total sales of firm v. Additionally, we consider the average normalized intermedi-
ate sales mean [ln (N (v) /Ny (V))} , where N (v) are the total intermediate sales of seller v, and
the average normalized intermediate purchases mean [In (N (w) /N (w))].

For the prices, we compare the changes in the aggregate price index P. Finally, to study how
matching between firms is affected, we present the results for the average normalized number of

buyers, mean [ln (%)] , and the average normalized number of sellers, mean [ln (A%ﬂ 27

Social inclusion and social mixing policies. We analyze the effects of social inclusion/mixing
policies. There is an important literature on the role of social cohesion for economic develop-
ment [Alesina and Giuliano, 2015, Alesina and Reich, 2015, Bazzi et al., 2019, Depetris-Chauvin
et al., 2020, Gradstein and Justman, 2019, Ritzen et al., 2000]. We tie our counterfactuals to the

importance of implementing affirmative action policies with the intention of increasing cultural

?"In contrast to the previous sections, in this part we define the aggregate measures discretely. This is due to the
simulations having a discrete number of firms, rather than a continuum.
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proximity [Alan et al., 2021, Alesina et al., 2021], particularly for India [Khanna, 2020, Munshi,
2019]. For instance, affirmative actions programs may help incentivize students from different
cultural groups to attend the same educative institutions. If these students then go on to become
owners of the firms in the future, such policies may increase cultural proximity between firms,
despite the fact the owners originally belonged to different cultural groups. Similarly, affirmative
action in public sector jobs may also increase connections across caste lines, as individuals from
different castes now work together.

To analyze the maximum potential of this policy within our theoretical framework, we propose
case Counterfactual 1 (CF1), in which all the firms belong to the same cultural group. That is, we
go from the baseline to BC' (z, z/) = 1 for all z, 2, which makes the firms become the closest
possible in cultural terms. In this scenario, there are no contracting frictions, as firms know and/or
trust each other, and so they pay the minimum trade and matching costs.

Table 3.11 shows how the model statistics change in each counterfactual to the baseline. In case
CF1, we have that firms become the closest in cultural terms, so trade costs and matching costs
go to their minimum possible. Aligned with our empirical facts, with lower trade costs, total sales
increase by 2.76 percent, while the average intermediate sales and purchases go up by 1.52 percent
and 1.15 percent, respectively. With the lower matching costs the average number of buyers also
increases. Also, because there are lower trade and matching costs, aggregate prices fall by 1.73
percent, and welfare increases by 1.76 percent.

Besides welfare, another aggregate measure we analyze is average productivity, which falls by
0.13 percent. Yet, average productivity masks substantial compositional changes, as these results
depend on whether the less productive firms are selling more or less to the baseline case. We
show in Table 3.12 that, in case CF1, when trade and matching costs decrease, the less productive
firms match more and sell more, which increases their weight in the aggregate and lowers average

productivity.

Social isolation policies. Since the rise of democracy, efforts have been put in place by the
Indian government to end the influence of the caste system in the modern economy [lIyer et al.,
2013, Munshi, 2019]. What would have happened if sociopolitical forces perpetuated the social
stratification of the caste system? To analyze the maximum impact of social isolation policies
we propose case Counterfactual 2 (CF2), where we examine an extreme case in which each firm
belongs to its own cultural group. Thus, we have a case where BC' (z, z') = 0 for all 2,2 and
z # 2, which makes the firms the furthest possible in cultural terms. Under this scenario, firms
incur the maximum contracting frictions, for which they pay the maximum trade cost and the
maximum matching cost.

When all firms are the furthest in cultural terms, trade costs and matching costs are the highest.
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Table 3.11: Effect of cultural proximity on aggregate outcomes (counterfactual scenar-

10S)
CF1: Social CF2: Social ~ CF3: Reducing
inclusion/mixing isolation contracting
frictions
Welfare 1.76 -1.45 0.87
Ave. productivity -0.13 0.10 -0.06
Total sales 2.76 -2.23 1.37
Ave. normalized intermediate 1.52 -1.20 0.76
sales
Ave. normalized intermediate 1.15 -0.94 0.57
purchases
Ave. normalized number of 1.07 -0.87 0.53
buyers
Ave. normalized number of 1.00 -0.82 0.50
sellers
Agg. price index -1.73 1.47 -0.87

Notes: We present the percentage gains or losses to the baseline scenario. CF1 is a case where all the

firms belong to the same cultural group. This is, we go from the baseline to BC (z, z') = 1 for all

z, z/, which makes the firms to become the closest possible in cultural terms. In this scenario, there
are no contracting frictions, as firms know and/or trust each other, and so they pay the minimum trade
and matching costs. CF2 is a case where each firm belongs to its own cultural group. Thus, we have

a case where BC (z7 z/) = 0 for all z, 2 and z =+ ', which makes the firms the furthest possible in

cultural terms. Under this scenario, firms incur the maximum contracting frictions, for which they pay the
maximum trade cost and the maximum matching cost. CF3 is a scenario where trade and matching costs
become less sensitive to cultural proximity. In this case parameters (3 and -y shrink by 50 percent.

Table 3.11 shows that in case CF2 total sales fall by 2.23 percent, and prices increase by 1.47
percent. Average intermediate sales and purchases also fall. There are also fewer matches, and the
average number of buyers and sellers falls by at least 0.82 percentage points. As a result, welfare
falls by 1.45 percent. Average productivity increases by 0.10 percent, relative to the baseline. Table
3.12 shows that with social isolation, every firm loses in terms of sales. However, the firms that
lose the most are the least productive, which shrinks their weight in the aggregate and, thus, drives

average productivity up.

Reducing contracting frictions. Now we turn to study which would be the effect of reducing
contracting frictions. A policy that improves the quality of courts would reduce the contracting
frictions firms face. In terms of our framework, this means that the trade cost and the matching
cost become less sensitive to our measure of cultural proximity. Thus, in the Counterfactual 3

(CF3) we analyze a case where parameters 5 and 7 shrink by 50 percent. This captures how
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Table 3.12: Change in sales by productivity quartiles

CF1: Social CF2: Social ~ CF3: Reducing

inclusion/mixing isolation contracting
frictions
Ist quartile (most productive) 2.73 -2.21 1.35
2nd quartile 291 -2.35 1.44
3rd quartile 291 -2.31 1.44
4th quartile (least productive) 2.86 -2.32 1.42

Notes: We aggregate the sales of all firms that belong to a productivity quartile and calculate their percent-
age variation to the baseline. CF1 is a case where all the firms belong to the same cultural group. This is,

we go from the baseline to BC' (z, z') = 1forall z, z', which makes the firms to become the closest pos-

sible in cultural terms. In this scenario, there are no contracting frictions, as firms know and/or trust each
other, and so they pay the minimum trade and matching costs. CF2 is a case where each firm belongs to

its own cultural group. Thus, we have a case where BC (z, zl> = (O forall 2, Z and z # =, which makes

the firms the furthest possible in cultural terms. Under this scenario, firms incur the maximum contracting
frictions, for which they pay the maximum trade cost and the maximum matching cost. CF3 is a scenario
where trade and matching costs become less sensitive to cultural proximity. In this case parameters J and
v shrink by 50 percent.

reducing contracting frictions affects aggregate outcomes via the channel of trade becoming less
reliant on cultural proximity.?®

Table 3.11 shows that after reducing contracting frictions in case CF3, total sales rise by 1.37
percent, and prices fall by 0.87 percent. Average intermediate sales and purchases increase. The
number of matches also increases, with the average number of buyers and sellers rising by about
0.5 percent. Welfare increases by 0.87 percent, and average productivity falls by 0.06 percent. In
Table 3.12 we show that in reducing contracting frictions, all firms gain in terms of sales to the
baseline. Nonetheless, it is the less productive firms that gain the most, such that their weight in

the aggregate increases. This drives the average productivity down.

3.5 Conclusions

We shed light on how cultural proximity shapes the formation of production networks and its
implications for welfare. We first provide empirical evidence on the role of cultural proximity for
inter-firm trade by leveraging a new dataset of firm-to-firm transactions from a large Indian state,
along with data on firm owner names and their cultural proximity derived from India’s caste and
religious system.

We report three new stylized facts. First, culturally closer firms report higher sales between

Z8Reducing contracting frictions may affect aggregate outcomes through other channels as well, such as more
investments in differentiated products, and more trade across longer distances.
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them, on the intensive margin. Second, culturally closer firms are more likely to trade with each
other, on the extensive margin. Third, firms that are culturally further apart report higher unit prices
in their transactions.

We explore various mechanisms and find evidence most consistent with the importance of alle-
viating contracting frictions. We do not find sufficient evidence that hierarchies (and preference-
based discrimination) matter, or that linguistic distance and the specialization in certain goods
matter for our results. We show evidence that suggests that the effect we find of cultural proximity
on trade is stronger for differentiated goods, which often rely on either formal or informal contract
enforcement [Nunn, 2007, Rauch, 1999]. We also find that the importance of cultural proximity is
elevated in regions with poor court quality (and so worse contract enforcement). Indeed, consistent
with our narrative, the importance of court quality is only seen in trades of differentiated products,
rather than homogeneous goods. We understand these results as consistent with the possibility that
cultural proximity is an informal mechanism that substitutes formal contract enforcement [Munshi,
2014, 2019].

We then build a quantitative general equilibrium model of firm-to-firm trade and cultural prox-
imity. We introduce our measure of cultural proximity as a wedge that affects trade and matching
costs, and estimate the key parameters of the model: the semi-elasticity of the trade cost to cultural
proximity and the semi-elasticity of matching cost to cultural proximity. The model generates
estimable specifications, that we take directly to the data. We use the estimated parameters to
quantify the implications for welfare and other model-based statistics of implementing different
policies. Welfare increases by 1.76 percent under social inclusion policies, falls by 1.45 percent
under social isolation, and increases by 0.87 percent when reducing contracting frictions makes
firms less reliant on cultural proximity.

In contexts like India, cultural and social networks may be used informally to overcome the
lack of formal institutions that uphold contracts. Our paper is among the first to establish the
consequences of these cultural ties in the context of trade. We study how social relationships
influence firm-level decisions and quantify their importance for welfare. Our results have strong
implications for policy. Promoting social inclusion and mixing via diversity-friendly policies can
help facilitate matches and trade, with substantial implications for aggregate output and welfare.
Furthermore, investing in reducing contracting frictions will allow firms to not have to rely on
cultural ties, facilitating matches with more productive and low-cost suppliers, and once again

improving economic well-being.
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APPENDIX A

Appendix to Chapter 1

A.1 Empirical Appendix

A.1.1 Mining Sector

Figure A.1: Mining exports by mineral
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Note: Figure shows evolution of the shares of each mining commodity over total mining commodity exports.
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Figure A.2: Mining prices
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Note: Figure shows evolution of mining commodity prices. We normalize the dollar prices for the commodities and then divide them

by the Peruvian imports price index.

Figure A.3: Mining output
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Note: Figure shows evolution of mining physical output by commodity.
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Table A.1: Mining production ranking of Peru, 2011

Mineral ~ Share of Largest competitors

total world

output
Copper 8% CHL: 33%, CHN: 8%, USA: 7%
Gold 6% CHN: 14%, AUS: 10%, USA: 9%
Zinc 10% CHN: 34%, AUS: 12%, USA: 10%
Lead 5% CHN: 50%, AUS: 13%, USA: 7%
Tin 12% CHN: 49%, IDN: 17%, BOL: 8%
Silver 15% MEX: 18%, CHN: 16%, AUS: 7%
Iron <1% CHN: 45%, AUS: 17%, BRA: 13%

Note: Figure shows share of Peruvian output over total world output for each of the listed mining commodities.
Source: United States Geological Survey.
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A.1.2 Sample Statistics

Table A.2: Bank statistics

Mean Std. dev. Min. Max.
Assets (bill. USD) 7.09 8.40 0.22 32.00
Firm deposits (bill. USD) 1.26 1.64 0.01 5.92
Foreign wholesale funding (bill. 0.85 1.14 -0.04 5.37
USD)
Ey 0.13 0.10 0.00 0.30

Note: Table shows information for the 9 banks considered in the analysis. For those banks that merged during this period, we consider
them one entity and add their accounts. Additionally, we do not consider banks that are specialized in (i) serving foreign-owned firms
only or (ii) credit card and consumer loans only. Foreign wholesale funding is defined as liabilities minus total deposits and equity.
Ely; is the bank-level weighted commodity price exposure index from Equation 1.1.

Table A.3: Loan statistics

Mean Std. dev. Min. Max.
Loans (thousands USD) 283.05 594.41 0.00 6134.41
Number of bank relationships 2.68 0.98 2.00 9.00

per firm

Note: Table shows information the on outstanding loan amounts and number of bank relationships per firm.

Table A.4: Firm statistics

Mean Std. dev. Min. Max.
Wage bill (thousands USD) 2029.56 5154.77 0.00 111591.40
Sales (thousands USD) 12049.26 20580.52 4931 282293.70
€t 0.03 0.07 0.00 0.30

Note: Table shows information for approximately 4,800 firms we consider in the analysis. e;; is the firm-level weighted commodity
price exposure index from Equation 1.2.
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A.2 Model Appendix

A.2.1 Microfoundation for the bank cost function

In our model, domestic banks obtain foreign wholesale funding from foreign lenders, for which
they must pay a premium that depends on their reputation and the amount of foreign wholesale
funding demanded. In this section, we provide a possible microfoundation for this cost, based on
that of Drechsel and Tenreyro [2018].

We focus on the foreign lender, which we assume is risk neutral. The cost of the foreign lender
for obtaining the funds is (1 4 ¢*) N, where ¢* is the interest rate prevailing in foreign markets, and
N is the amount of wholesale funding demanded by the domestic bank. Meanwhile, the expected
benefit for the foreign lender is p (1 +7*) N + (1 — p) S, where r* is the interest rate charged to
the domestic bank, S is the amount of collateral that can be seized in case of default, and p is the
probability of repayment. We further assume that S < (1 + ¢*) N, which means that the amount
that can be recovered in case of default is lower than the actual value of the debt plus interests.

The breakeven condition for the foreign lender is
I+ )N=p(1+r")N+(1—-p)S.

We can solve for the interest rate charged by the foreign lender to the domestic bank

, 1+ (1-p)S

1+7r —
p pN
From this expression, we have that
0(1+r")
—= >0
ON ’

which implies that domestic banks must pay a higher interest rate when they demand larger
amounts of foreign wholesale funding.

From our result, we also have that

DL+  9(1+r)
a5 073,

<0,

which relates to the interest rate charged to the domestic bank depending on its reputation. If
domestic banks possess high collateral or a high probability of repayment (i.e., they have good
reputation in the market), they will be charged lower interest rates for the foreign wholesale fund-

ing.
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Therefore, the interest rate charged by a foreign lender to a domestic bank is increasing in
the amount of foreign wholesale funding demanded, decreasing in the amount of collateral, and
decreasing in the probability of repayment. Although this derivation does not result in the exact

functional form for the premium used in the main text, it clearly explains the intuition behind it.
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A.2.2 Model Summary

Final consumption good bundle

e= [(AYT)7 (M) T+ (1= ANT)7 ()

Tradable consumption good bundle

T [T E) T+ - S

Non-tradable consumption good bundle

Non-tradable good consumption

Tradable good consumption

Exportable good consumption

Importable good consumption

Exportable good production

yX _ AhX
Exportable sector labor supply
X
()" =2
p
Exportable good labor demand
wX — ApX
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Non-tradable sector labor supply
N

oy -

Non-tradable intermediate good consumption, for all ¢

C; = Az (;;—;;,) CN

Non-tradable intermediate good production, for all ¢
yi = A,

Non-tradable intermediate good labor demand, for all ¢

o [wY I
pi = {7 (1 + Or; )}

Loan bundle, for all ¢

Loan demand, for all ¢

Bank interest rate, for all b

L_ ¢ @
147, ——5_1 {1+r+¢ln(Db>]

Deposits, for all b
In (D) = ap + Bwfo In (pCO)

Total bank loans, for all b

Ly = Z Ly

Bank balance sheet, for all b
Ly=Dy+ Ky, + N,

Individual bank loan demand, for all 7 and b
1+rf -
Ly = sip | ——F L;
b= b (1 + TZL)
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Total labor
h=h*+h"

Total labor in non-tradable sector
W= "h;
Non-tradable good market equilibrium
c’ =y

Non-tradable intermediate good market equilibrium, for all ¢

Ci = Yi
Real exchange rate
1
rer = —
p

Total non-commodity output
YNCO _ yX + yN

Real GDP, where overline denotes constant base year prices
PGDP = pe+ pPOy©C + pX (y* — &) — pMcM

Balance of payments

o )5 o ()]
b
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A.2.3 Hat Algebra Model Summary

Final consumption good bundle
—~2=1 ~ =11 5T
o= [ATET g - avy AT

Tradable consumption good bundle

Non-tradable good consumption

Tradable good consumption

Exportable good consumption

cX = = cr
p
Importable good consumption
-X
i ;) a
pT
Exportable good production
yX = ARX
Exportable sector labor supply
g)\(w wX
p
Exportable good labor demand
wX = ApX
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Non-tradable sector labor supply

Non-tradable intermediate good consumption, for all ¢

pN

Non-tradable intermediate good production, for all ¢
7 = Ah;
Non-tradable intermediate good labor demand, for all ¢
Wl (1 + er}) — Ap;

Loan bundle, for all ¢

Loan demand, for all 7

Bank interest rate, for all b
L7 =147 (Dy)

Deposits, for all b
In (l/?\b> = fwi®In <p00>
Total bank loans, for all b

Bank balance sheet, for all b
Ly = QP Dy + QFK, + QY N, + QF

Individual bank loan demand, for all 7 and b
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Total labor
h=Q%h¥ + (1 Q) AN
Total labor in non-tradable sector

W =3 Al

Non-tradable good market equilibrium
N = yN

Non-tradable intermediate good market equilibrium, for all ¢
G =i

Real exchange rate

rer =

3yl

Total non-commodity output
YNCO — QNCOTS + (1 _ QﬁCO) T
Real GDP
GDP = Qce+ Qxnx + Qx (1 —nx) [057x — (9F — 1) &x] — Quicar

Balance of payments

—

b0 + (1= nx) pX [ % — (@ = 1) &X| = oM
=Y a {0 147 —om (D)] N - Wi
b
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A.2.4 Ratios

Table A.5: Ratios and other weights

Trade balance ratios

n¢o Mining commodity exports / Exports 0.683
n™ Interests / Foreign wholesale funding 0.02
wiY Foreign wholesale funding over total By bank
GDP, output, ratios
0c (Consumption + Investment + Gov. exp.) / GDP 1
Ox Exports / GDP 0.28
oM Imports / GDP 0.28
QN0 Exportable sector output / Non-commodity output 0.3
O Exportable sector labor / Non-commodity labor 0.42
Q¥  Exportable goods output / Non-commodity exports 1.4
AP Labor in NT int. firms / Total NT labor By firm
Bank balance sheet ratios
Qy Wholesale funding / Firm loans By bank
Qb Firm deposits / Firm loans By bank
QK Equity / Firm loans By bank
Qo Other liabilities / Firm loans By bank
wiLb Individual loans / Total loans, by bank By firm and bank

Note: All ratios calculated using deflated data and expressed in domestic currency. Imports and exports consider traded goods only.
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A.2.5 From Model to Regressions

Loan-level regression. We start from the equilibrium conditions for loans expressed in natural

logarithms. We have the loan demand
In (Lgp) = —erf +erl +1n(sp) +1n (L),

and the interest rate set by banks

rk =1In (8:) +r+¢ln(By) — ¢In(Dy) |

By

Db) ~ 0 for this approximation to hold and to obtain a

where we require g—’; > 1 and ¢In (

positive interest rate.

Replace to obtain

In(Ly) = —¢ln ( c 1) —er+erk +1n(sy) +In (L) — eoln (By) + epln (D) .

g —

Replace In (Dy) = ap + 85, wid In (p5°) , add time subindices and collect terms to find

In (L) = —¢ln (5 i 1) +1n (sp) + epay, — epIn (By)

N—— a;p

constant

+ery + lng/it) —er +e¢p > wpIn (p5°) .

m
ot ¢

Add a residual, which we interpret as the classical measurement error, to obtain

In (Libt) = Qup + Qi + CZ wbcn? In (ps;?) + Uibt,

¢ =egp.

This expression corresponds with Equation 1.4. Note that in this derivation we assumed there is
more than one commodity exporter, so we obtain the case we have in the data.

Firm-level regression. We begin with the equilibrium conditions of the non-tradable intermedi-
ate firms expressed in natural logarithms. We have the demand faced by non-tradable intermediate

firms
In(y;) = —oln(p;) + oln (p") +In (y"),
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the price set by non-tradable intermediate firms

In (p;) :ln( ? 1) +In (w") — In (A) + 0rF,

o —

the interest rate faced by non-tradable intermediate firms

L L
ry = Z STy

b

and the interest rate set by banks

rk :ln( fl) +r+¢ln(B,) — oln(Dy).

Replace to obtain

ln(pz'yi> :Uln(pN) +ll’l<yN) . ((7_1)111< o )

oc—1

—(c—1)n(w")+(c—1)In(A) — (0 — 1) Or}

Replace interest rate, In (D) = oy, + 8, wid In (pS°) , add time subindices and collect terms
to find

In (picyic) :j(a— 1)1n( c 1) —(0—1)0n (551)1_@_ 1)9¢;sibln(l§b)

o —

~~ (. J

constant Vv
(&%)

+gln(piv)+ln(yfv) —(c—=1Dn(w)) = (c—1)0r,+ (0 — 1) In(A)

(0 —1) QéﬁZszwaco In ( pmt

Add a residual, which we interpret as the classical measurement error, to obtain

I (piyir) = i + ap + K Z Sib cho In (pre) + i,

k= (0c—1)0¢05.

This expression corresponds with Equation 1.5. As in the previous case, for this derivation we

assumed there is more than one commodity exporter, so we recover the case we have in the data.
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A.2.6 Data-Based Moments and Shocks

Targeted and untargeted moments. We set the moments to match their observed changes in the
data between 2003 and 2011.

. @: We use the real GDP series.

 ¢: We use the sum of the real consumption, investment and government expenditure series.

—

o yNCO: We use the real non-mining GDP series.
* ¢M: We use the real imported goods series.

e rer: We use the real exchange rate series. A decrease means a real appreciation of the
domestic consumption basket with respect to the foreign consumption basket. We use the
bilateral series with respect to the US. We do not use the multilateral real exchange rate (i.e.,
an average real exchange rate with respect to different trade partners) as it considers weights

that shift over time.
. E\b: We use the aggregate firm loans issued by banks, deflated by the GDP deflator.
. l/)\b: We use the aggregate firm deposits held in banks, deflated by the GDP deflator.

. ]/\z,: We consider a simplified bank balance sheet. On the asset side we have firm loans L.
On the liabilities side we have firm deposits Dy, equity K; and foreign wholesale funding
N,. However, N, is not properly measured in the data. We calculate N, = L, — Dy — K as

a proxy for foreign wholesale funding. All involved series are deflated by the GDP deflator.

~

 rl: We use the average loan interest rate series for both domestic currency and US dol-
lars. Then, we calculate a weighted interest rate using the respective weights of domestic

currency-denominated and US dollar-denominated loans over total loans.
Shocks. We set the shocks to match their observed changes in the data between 2003 and 2011.
. I/(\b: We use the aggregate bank equity series, deflated by the GDP deflator.

* 72 We calculate the change in the sum of US federal funds rate and change in Peruvian EMBI

minus Peruvian inflation rate.

116



A.2.7 Complete Simulation Results

Table A.6: Main simulation, complete results

(D () (3)

Variable Baseline: CF: Baseline

Fin. mech. No fin. minus CF

mech.
B=0

GDP 1.65 1.59 0.06
¢ 2.00 1.89 0.11
yNCO 1.66 1.61 0.05
M 2.15 2.00 0.14
er 0.87 0.89 -0.02
Ave. I, 2.46 2.23 0.23
Ave. D, 2.49 1.00 1.49
Ave. N, 4.24 6.65 241
Ave. 1t -0.08 -0.02 -0.06
N 1.90 1.81 0.10
T 2.15 2.00 0.14
X 2.15 2.00 0.14
yN 1.90 1.81 0.10
yX 1.09 1.14 -0.05
P 1.15 1.13 0.02
N 1.27 1.23 0.04
o7 1.00 1.00 0.00
h 1.38 1.35 0.03
AN 1.68 1.60 0.09
hX 0.97 1.01 -0.04
wN 1.46 1.39 0.06
wX 1.13 1.13 0.00

Note: Column 1 shows moments from baseline simulation with financial propagation mechanism. Column 2 shows moments from
counterfactual simulation with no financial propagation mechanism. Column 3 shows the difference between baseline and counter-
factual. All moments are expressed in percentage variations between initial and final states. Averages for the bank-related model
variables are computed using loan-based weights of each bank in total loans. These weights are calibrated according to observed
data.
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Table A.7: Commodity price shock-only simulations, complete results

(D () 3)

Variable Baseline: CF: Baseline

Fin. mech. No fin. minus CF

mech.
B=0

GDP 1.32 1.25 0.07
¢ 1.65 1.51 0.14
yNCO 1.23 1.17 0.06
M 1.87 1.68 0.19
er 0.78 0.81 -0.03
Ave. I, 2.35 2.02 0.33
Ave. Dy, 2.49 1.00 1.49
Ave. N, 6.13 7.79 -1.66
Ave. 7l -0.06 0.00 -0.06
N 1.51 1.40 0.11
T 1.87 1.68 0.19
X 1.87 1.68 0.19
yN 1.51 1.40 0.11
yX 0.57 0.63 -0.05
P 1.29 1.24 0.05
PN 1.54 1.44 0.10
o7 1.00 1.00 0.00
h 1.12 1.08 0.04
BN 1.51 1.40 0.11
WX 0.57 0.63 -0.05
wN 1.55 1.44 0.11
wX 1.00 1.00 0.00

Note: Column 1 shows moments from baseline simulation with financial propagation mechanism. Column 2 shows moments from
counterfactual simulation with no financial propagation mechanism. Column 3 shows the difference between baseline and counter-
factual. All moments are expressed in percentage variations between initial and final states. Averages for the bank-related model
variables are computed using loan-based weights of each bank in total loans. These weights are calibrated according to observed
data.
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A.2.8 Model Sensitivity to Different Parameterizations

In this section, we explore the sensitivity of the model results to variations in key bank-related and
commodity-related parameters. We keep the original calibration and shocks, only changing the
numerical values of selected parameters. We focus on examining the importance of the financial

propagation mechanism, that is, the difference in GDP growth when the mechanism is turned on

and off.

0, working capital financed by loans. In Figure A.4 we see that the importance of the financial
propagation mechanism grows as ¢ increases. This is because a higher § means firms require to
take higher loans, making the financial propagation mechanism becomes more important overall.

Figure A.4: Financial propagation mechanism under alt. parameters: 0
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Note: Figure shows the importance of the financial mechanism in the theoretical model under different values for 6. The importance

is defined as the difference in GDP growth between the baseline case and the counterfactual case with no financial propagation

mechanism. Vertical line denotes original calibration.
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¢, bank cost function parameter. Figure A.5 shows that the importance of the importance of

the financial propagation mechanism grows as ¢ increases. With a larger ¢, bank costs become

more responsive to the amount of deposits held, intensifying the role of the financial propagation

mechanism in the economy.

Figure A.5: Financial propagation mechanism under alt. parameters: ¢
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Note: Figure shows the importance of the financial mechanism in the theoretical model under different values for ¢. The importance

is defined as the difference in GDP growth between the baseline case and the counterfactual case with no financial propagation

mechanism. Vertical line denotes original calibration.
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¢, bank elasticity of substitution. Figure A.6 displays that the importance of the importance

of the financial propagation mechanism grows as ¢ increases. A larger ¢ implies the demand for

loans becomes more sensitive to interest rate changes. This way, the role the financial propagation

mechanism plays in the model economy expands.

Figure A.6: Financial propagation mechanism under alt. parameters: €
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Note: Figure shows the importance of the financial mechanism in the theoretical model under different values for €. The importance

is defined as the difference in GDP growth between the baseline case and the counterfactual case with no financial propagation

mechanism. Vertical line denotes original calibration.
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Estimated coefficients. The bank block calibration relies on estimated coefficients 3, (, and k.
To account for the uncertainty around their estimation, we perform the following exercise based on
Huo et al. [2024]. We draw random values of /3, ¢, and x from a normally distributed range around
their point estimates. We further assume these distributions are independent of each other. Then,
we simulate the model and calculate the importance of the financial propagation mechanism.

Figure A.7 presents the density of the importance of the financial propagation mechanism after
repeating the exercise 1000 times. While the range of results can vary from 0.0294 to 0.1097,
our result under the original calibration is close to the mean (0.0625) and median (0.0619) of the

distribution. Therefore, we find our main result is a central value within the range.

Figure A.7: Financial propagation mechanism under alt. parameters: Estimated coeffi-
cients
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Note: Figure shows the importance of the financial mechanism in the theoretical model under different values for of estimated
coefficients 3, ¢, and «. The importance is defined as the difference in GDP growth between the baseline case and the counterfactual

case with no financial propagation mechanism. Vertical line denotes original calibration.
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«, percentage of mining commodity firm’s revenue in domestic economy. In this section,

we assume a more general form of the balance of payments equation

ap®OycO 4+ p¥ (yX — CX) — M= ; {r + ¢ln (%)} Ny,
where parameter o determines how much of the revenues of the mining commodity firm stay in the
domestic economy, and 1 —« determines the amount of dividends paid to foreign investors. In other
words, parameter o governs the strength of the wealth channel. In the main simulations, we assume
a = 1.! Figure A.8 shows how the importance of the financial propagation mechanism changes
when we vary this parameter. As « increases, more wealth remains in the domestic economy, which

in turn increases the demand for loans and the importance the financial propagation mechanism has.

Figure A.8: Financial propagation mechanism under alt. parameters: «
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Note: Figure shows the importance of the financial mechanism in the theoretical model under different values for . The importance
is defined as the difference in GDP growth between the baseline case and the counterfactual case with no financial propagation
mechanism. Vertical line denotes original calibration.

! According to the 2007 economic census, the dividends paid to foreign owners by mining commodity firms were
equivalent to 4 percent of their revenues.
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APPENDIX B

Appendix to Chapter 2

B.1 Additional figures and tables

Figure B.1: History-based Kalman-filter-based inflation forecasts by cohort, full sample

201

Current inflation rate
65 years old
45 years old
35 years old
25 years old
18 years old

12-months-ahead inflation rate forecast,
diagnostic Kalman filter

Note: Figure shows forecasts for selected cohorts according to the Kalman-filter-augmented expectations and considering the esti-
mate for 6 from Column 1 of Table 2.2. Selected cohorts differentiated by their age in 2021. We further assume that each cohort starts
forecasting when they become 18 years old. The current inflation rate measure is based on the monthly YoY percentage variation of
the CPI.
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Figure B.2: Parameter estimation, stability by cohorts
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Cohort left out

Theta

95% C.1.

Note: Figure shows the coefficient resulting from estimating Equation 2.6, but leaving one cohort out of the sample. The cohort left
out of the estimation changes across the horizontal axis.
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Figure B.3: Impulse response functions, history-based expectations by cohort,

shock
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Note: Figure shows the heterogeneous expectations generated by the history-based Kalman filter. Cohorts denote age at the time

of the shock. The solid lines represent different cohorts in the history-based Kalman filter model. The dashed red line is the full

information rational expectations model. Horizontal axis denotes months after the shock.
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Figure B.4: Impulse response functions, history-based expectations by cohort, cost shock
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Note: Figure shows the heterogeneous expectations generated by the history-based Kalman filter. Cohorts denote age at the time
of the shock. The solid lines represent different cohorts in the history-based Kalman filter model. The dashed red line is the full
information rational expectations model. Horizontal axis denotes months after the shock.
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Figure B.5:

Impulse response functions, consumption and labor supply by cohort,

history-based KF with heterogeneity, taste shock
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Note: Figure shows the heterogeneous consumption and labor supply gaps generated in the case where expectations follow the
history-based Kalman filter. Cohorts denote age at the time of the shock. The solid lines represent different cohorts in the history-
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based Kalman filter model. The dashed red line is the aggregate. Horizontal axis denotes months after the shock.
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Figure B.6: Impulse response functions, consumption and labor supply by cohort,
history-based KF with heterogeneity, cost shock

Consumption gap

1 Older cohorts
J Younger cohorts

10 20 30 40 50 60 70 80 90 100 110 120

Labor supply gap

1 Younger cohorts

0.1 | Older cohorts

-0.15

-0.2

.0.25 Cohort-level
- = Aggregate

0.3 | | | I I I I I I | | ]
10 20 30 40 50 60 70 80 90 100 110 120

Note: Figure shows the heterogeneous consumption and labor supply gaps generated in the case where expectations follow the
history-based Kalman filter. Cohorts denote age at the time of the shock. The solid lines represent different cohorts in the history-
based Kalman filter model. The dashed red line is the aggregate. Horizontal axis denotes months after the shock.
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Figure B.7: Impulse response functions, inflation rate history-based expectations by co-
hort, forecast
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Note: Figure shows the heterogeneous expectations generated by the history-based Kalman filter and the data (up to December 2021).

Cohorts denote age in 2021. Horizontal axis denotes months.
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Figure B.8: Impulse response functions, shocks, forecast
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Note: Figure shows the paths shocks follow according to the model and the data (up to December 2021). The red dashed line shows
the results for the case of the full information rational expectations model (FIRE), the green dotted line shows the results of a standard
diagnostic expectations operator and the solid blue line shows the history-based Kalman filter model. For the standard diagnostic
expectations case we assume that agents use the expectations operator Ef’s [Xitn] =Bt [Xean] +C (Bt [Xygn] — Ei—3 [Xign])
with ¢ > 0. Horizontal axis denotes months.
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Table B.1: Model calibration

Parameter Value Parameter Value

B 0.9967 Xy 0.125
n 1 peost 0.9
¢ 09167  plaste 0.9
o 1 A 0.001
5 9 K 0.1751
Y 1.5 0 -0.374

Note: Table shows the parameters used for the model. We follow a standard monthly calibration.

Table B.2: Optimal Taylor rule parameters, cost shock

o Xy

FIRE 119.20 0.74

History-based KF-PTV  140.79 0.47

Note: Table shows the Taylor rule parameters that minimize objective function E; [Tl'tQ + ﬂyf ] when an unexpected cost shock hits
the economy.

Table B.3: Optimal Taylor rule parameters, taste shock

Xr Xy
FIRE 8.73 28.10

History-based KF-PTV  9.18 27.19

Note: Table shows the Taylor rule parameters that minimize objective function E¢ [wtz + ﬁyf } when an unexpected taste shock hits
the economy.
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B.2 Normality of history-based expectations

Let f (m+1|Z;) be the true distribution of future inflation conditional on the currently available

information set Z;. We assume this behaves as

[ (mea|Ty) ~ N (EXT [ma],02)

where EXF [1,,1] is the expectation computed according to the standard Kalman filter. On the
other hand, let f <7Tt+1 |I: ff ) be the distribution of the inflation rate conditional on the referential
information set associated with cohort 7. Under our current assumptions, this distribution behaves

as

F (meal T ) ~ N (B ] (6 — k)~ 02))
where
—k;
>t B (]
(t — ki)

Given these two elements, we define the distribution as

]E:;f [7T t+1] =

foy (me) = f (menl ) DY, ()
where
0
Dgt (7Tt+1) _ f (7Tt+1|It)L Zis,
f (menlzl)

where Z; ' = [ f?, (m41) dmyyy is a term that ensures that f?, (m,1) integrates to one. There-

fore, under some algebraic procedure, the probability density function of the distribution can be

written as

- _EKF[; 2 (1+9)
|:O'7T\1/§ exp{_( = ]E2L;72r[ t+1]) }:| Zl,t

. 2 0 ’
w1 —E; S [mey1]
1 { ( t+1 , t+1 ) }

And we can make the following approximation

fft (Te41) =
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2
20z

2
1 Top1 — BY, [miga]
ffft (Teg1) ~ o - {— ( - ) Zit,

where

B, [mesr) = B [ronn) + 0 (EFT [mo] — EfYf fmosa] )

Thus, we conclude that

fz‘e,t (me11) ~ N (Eft [7e41] 703) .

134



B.3 Monthly inflation as a random walk

Throughout the paper we consider the monthly inflation to be a random walk process. The reason
behind is that, with monthly inflation data, we cannot reject the hypothesis of unit root. To further
expand on this, in Table B.4 we present the results of AR(1) regressions on the monthly US inflation
rate from January 1960 to March 2022. Column 1 does not consider a constant while Column 2

does.

Table B.4: AR(1) regression for monthly inflation

(D) (2)
M1 0.999%*:* 0.992 %%
(0.993 - (0.982 -
1.005) 1.002)
Observations 747 747
R-squared 0.993 0.981

Note: Table shows the results of AR(1) regressions with the monthly inflation rate in the US from January 1960 to March 2022.
Column 1 does not consider a constant while Column 2 does. The current inflation rate measure is based on the monthly YoY
percentage variation of the CPI. 95 percent confidence intervals in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

We see that in both specifications the autorregresive coefficient is very close to 1. Furthermore,
the value of 1 falls within the 95 percent confidence intervals. Also, the F-test in which the null
hypothesis is that the autorregresive coefficient is equal to 1 gives a p-value of 0.66 when we do
not consider a constant and a p-value of 0.12 when we consider a constant, such that we cannot
reject the null hypothesis in any of the two cases. Lastly, an augmented Dickey-Fuller test on the
monthly inflation gives a p-value of 0.52, so that we cannot reject the null hypothesis of a unit root.
These findings are in line with those of Pivetta and Reis [2007], who find that there is a very high
persistence in the quarterly inflation rate in the US.

Given that we take the inflation rate to be a random walk process, we now turn to the calibration

of the Kalman filter of section 2.4.1. There, we defined the agents assume that inflation behaves as

M1 = Tt + &g,

where ¢, is a normally independent and identically distributed inflation shock.

Agents also receive a signal s; given by

St = 41 + Uy,
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where v; is a normally independent and identically distributed signal noise.

Furthermore, we assume that the signal is s, = 77 % where 7/°%" denotes the inflation in period

t — 1 of the food component of the CPI. By manipulating the equations we get
Et = Ty — T41,
. __food
Uy = St — Myq1 = Ty 1 — Tg41-

Then, armed with the US monthly inflation and food inflation series from January 1960 to

March 2022 we calculate the variances 02, o2 and the covariance o.,,.
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B.4 Constant Kalman gain across cohorts

In Section 2.3 we argued that cohorts do not react differently to inflation news. Here, we provide
further empirical evidence that supports this fact in a structurally-based fashion. We start from the

standard Kalman filter specification to obtain

Eit [me41]) = Eigoq [mea] + 65 (s¢ — Eipo1 [me44])

where [E; ; [m,41] is the inflation expectation of cohort 4, s, is the signal and x is the Kalman
gain.
In order to uncover whether cohorts react differently to the signal they are receiving, we estimate

x by cohorts as

2002
Egrg,Et [7Tt+1] = Ersn?;gfl [7Tt+1] —+ Z K; (St — Efnc,;fi,l [7'(}4.1]) X ]IZ', (Bl)
#1941

where we use the inflation expectations coming from agent m of cohort ¢ in period ¢ from
the Survey of Consumer Expectations as the empirical counterpart for the theoretical inflation
expectations'. I; serves as an indicator variable for each cohort, which is defined by the date of
birth. If different cohorts react differently to the signal they are receiving, then we should obtain
different coefficients across cohorts.

Panel (a) of Figure B.9 shows the results. We find that there are no systematically significant
differences across cohorts when it comes to the Kalman gain. We interpret this as evidence that
supports our fact of cohorts not reacting differently to the inflation signals they receive.

An alternative way of defining cohorts is by the age of the agents at the moment of the survey.

Under this definition we estimate

80
E'rsn?;,Et [7Tt+1] = Eiﬁg_l [7Tt+1] + Z K (St — ES’S,?—I [7Tt+1]) X Hia (B2)
i#18

Panel (b) of Figure B.9 presents the results. As before, we find there are no systematic differ-

ences in the Kalman gain across cohorts when defined by current age.

'In order to obtain Eff’;b;fl [m+1] we assume agents believe inflation behaves as a random walk.
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Figure B.9: Constant Kalman gain across cohorts
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Note: Figure shows the coefficient resulting from estimating Equations B.1 and B.2. The base cohort in Panel (a) is those born in

1941. The base cohort in Panel (b) is those who were 18 years old at the moment of the survey. We control for period and individual

fixed effects.
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B.5 History-based Kalman filter with AR(1) assumption

In this section we repeat the forecasting exercise from Section 2.4 but replacing the random walk

assumption with an AR(1) specification. Therefore, agents assume that inflation behaves as

Ti41 = PrTt T Et,

where the coefficient p, € [0, 1] captures the mean-reversion of the inflation variable. Here, we
assume the inflation rate has been properly demeaned.

As before, we assume that the signal is given by

S¢ = (Myq1 + Uy

The forecasted value of the inflation variable is

B [mea] = (1 = CK)ERE [mea] + Ky,

where the difference now lies in the fact that agents use the AR(1) assumption to forecast the

inflation rate such that

EthF [Ten] = PZ_IEZ{ZF [Te1] -

In this section we assume ¢ = 1, p = 0.99, 0. = 0.15, 0, = 4.09 and 0., = —0.06.> This gives
K =0.175.

Table B.5 presents the result of the parameter estimation. In this case, § = —0.612. Finally,
Figure B.10 presents the comparison of the forecasts with the AR(1) assumption and the observed
forecasts in the data. We find that, as with the random walk process, this version of the forecast

based on an AR(1) assumption provides a good fit to the data.

2We calibrate the variances and covariance according to Appendix B.3.
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Table B.5: Parameter estimation, AR(1)

(D

EY [mio] 061285
(0.067)
Time FE Yes
Observations 83,991
R-squared 0.100

Note: Table shows results of Regression 2.6. IE;etf [me4+12] is the reference constructed for a respondent of age 4 as explained in

the main text. We use population weights. Column 1 has only a time fixed effect as an additional control. Robust standard errors in

parentheses. Standard errors clustered by age. Dependent variable trimmed at 10 percent and 90 percent in each period. *** p<0.01,

## p<0.05, * p<0.1.

Figure B.10: Observed inflation forecasts and history-based Kalman filter forecasts,

AR(1)
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Note: Figure shows binned scatterplot across history-based Kalman filter forecasts (x-axis) and point forecast inflation expectations

according to the Survey of Consumer Expectations (SCE) of the Federal Reserve Bank of New York (y-axis). Variables demeaned

by the intercept. Data go from June 2013 to December 2021. SCE variable trimmed at 10 percent and 90 percent in each period.
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B.6 History-based Kalman filter with alternative signals

Throughout the paper we use the lagged inflation rate of the food component of the CPI as a
signal of the non-observed aggregate inflation variable. This is based on previous papers study
how consumers form their inflation expectations based on shopping experiences and food prices
[D’Acunto et al., 2021, D’ Acunto and Weber, 2022]. In this section we consider two alternative
components of the CPI as the signals consumers use: food at home and dairy.

Table B.6 presents the estimation of the parameter according to each signal. In all cases we find
a positive weight on the reference. Moreover, the parameter is close to the baseline from Table 2.2.

Figure B.11 shows how the history-based Kalman filter forecasts with alternative signals fare
against the observed inflation forecasts. Using the food at home and dairy CPI components as a

signal provides a decent fit to the observed data.

Table B.6: Main parameter estimation, alternative signals

Food at Dairy

home

E:if [Tip12]  0.359%*% 0.380%:

(0.038) (0.043)
Observations 83,991 83,991
R-squared 0.101 0.100

Note: Table shows results of Regression 2.6 using alternative CPI components as the signal. E;etf [me412] is the reference con-
structed for a respondent of age 7 as explained in the main text. We use population weights. Columns have only a time fixed effect
as an additional control. Robust standard errors in parentheses. Standard errors clustered by age. Dependent variable trimmed at 10
percent and 90 percent in each period. *** p<0.01, ** p<0.05, * p<0.1.
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Figure B.11: Observed inflation forecasts and history-based Kalman filter forecasts, al-
ternative signals
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Note: Figure shows binned scatterplot across history-based Kalman filter forecasts (x-axis) and point forecast inflation expectations
according to the Survey of Consumer Expectations (SCE) of the Federal Reserve Bank of New York (y-axis) using alternative CPI
components as the signal. Variables demeaned by the intercept. Data go from June 2013 to December 2021. SCE variable trimmed

at 10 percent and 90 percent in each period.
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B.7 External validity: European data

We check the external validity of our results using data from the Consumer Expectations Survey
(CES) of the European Central Bank. It contains monthly data between April 2020 and September
2022 for six countries: Belgium, France, Germany, Italy, the Netherlands, and Spain.?

We see that in Europe, lifetime experiences with the inflation rate are also heterogeneous across
cohorts, as we show in Figure B.13. Moreover, we see that by 2020 the youngest cohorts had not
been exposed to high inflation rates, but this changes after the high inflation rate episode of 2021
and 2022. After this, the youngest cohorts are the ones that show the highest lifetime average for
the inflation rate, even larger than that of the people who experienced the high inflation rates of the
80s.

In Figure B.14 we relate the two previous facts and find that in Europe, similar to the US, the
larger the inflation rate individuals have experienced in their lifetimes, the higher their inflation
expectations.

Table B.7 shows that in Europe, as happened in the US, after controlling for the average lifetime
inflation rate, younger generations do not react more strongly to inflation news than older cohorts.*

We now turn to the history-based Kalman filter of Section 2.4.1. Table B.8 shows the parame-
ters that go into the Kalman filter calibration after using European inflation rate and food inflation
rate. Then, we estimate the parameter according to Equation 2.6.° In Table B.9 in our baseline
specification of Column 1 we find 6°*" = —0.156. With this parameter, in Figure B.15 we plot in-
flation expectations according to our history-based Kalman filter, across cohorts and in each of the
six countries in our sample. We find that the oldest cohorts have the highest inflation expectations
before 2021. Then, after 2021 the youngest cohorts start catching up with the oldest ones and even
surpass them in some countries.

Table B.9 also shows additional specifications of the estimation of Equation 2.6. We find that
after controlling for cohort and country fixed effects, we still find that agents weight positively
their references when forming their expectations. These additional specifications also tell us that

the heterogeneity in expectations across cohorts is not due to people of different ages or from

3There is a relevant difference between the data sets of US and Europe. In the former we have the exact age of the
respondents. In the latter we do not have detailed information on the age of the respondents, as they are classified in 4
age groups: 18-34, 35-49, 50-70 and 71+.

“We confirm the finding with a F-test where the null hypothesis is that all of the interactions are jointly equal to
zero. The test gives a p-value of 0.35, so we cannot reject the null hypothesis.

>Because we do not know the exact age of the respondents, we do not know which are the exact lifetime average
inflation rates they have experienced. Therefore, for this estimation, we assume that every agent in cohort 18-34 has
the lifetime average inflation rate of a 25-year-old, every agent in cohort 35-49 has the lifetime average inflation rate
of a 35-year-old, every agent in cohort 50-70 has the lifetime average inflation rate of a 50-year-old and every agent
in cohort 71+ has the lifetime average inflation rate of a 71-year-old. On the signals used, because the series on the
inflation rate of the food component of the CPI have varying starting dates in the different countries, we replace the
missing values with the observed inflation rate in order to make the starting dates of all countries uniform.
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different countries facing different consumption bundles or having different preferences, but to the
proposed anchoring-to-the-past mechanism. Thus, it is past experiences that define expectations,
not the age or the geographic location per se.°®

Lastly, in Figure B.16 we compare the inflation expectations generated by our history-based
Kalman filter to the survey data. We see that we have a decent fit to the data.

We conclude that our findings from the main text are also valid for Europe. We find evidence
that supports the claim that (i) inflation expectations are also heterogeneous in Europe and (ii) can
also be modeled by a history-based Kalman filter with positive weight on their historical reference.

Figure B.12: Inflation rate, Europe
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Note: The current inflation rate measure is based on the monthly YoY percentage variation of the CPI.
Source: FRED.

See Hajdini et al. [2022a] for a further discussion on this.
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Figure B.13: Lifetime average inflation rate among respondents, Europe
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Note: Figure shows the mean of the monthly YoY inflation rate that people of the age shown in 2020, 2021, and 2022 have experi-
enced in their lifetimes, starting when they were age 18. The current inflation rate measure is based on the monthly YoY percentage

variation of the CPI.
Source: FRED.
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Figure B.14: Inflation point forecast and average lifetime inflation rate, Europe
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Note: Figure shows binned scatterplot across lifetime average inflation rate bins. Variables residualized by respondent gender and
commuting zone. Data go from April 2020 to September 2022. Ages correspond to the interviewee’s age at the time of the survey.
The average lifetime inflation rate measure is based on the monthly YoY percentage variation of the CPI.

Source: Consumer Expectations Survey.
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Table B.7: Effects of current and experienced inflation rates on inflation expectations,
Europe

Dep. var.: Inflation expectations (D) 2) 3) 4
Average lifetime inflation rate 0.276*  0.244**  0.301*  0.252%*
(0.132) (0.100)  (0.149) (0.129)

Current inflation 0.351 %% (. 275%**
(0.033) (0.057)

Cohort 35-49 0.155

(0.090)
Cohort 50-70 0.203*

(0.112)
Cohort 71+ -0.401

(0.348)
Current inflation x 35-49 0.074

(0.074)
Current inflation x 50-70 0.122

(0.069)
Current inflation x 71+ 0.124

(0.083)
Time FE No No Yes Yes
Controls No No No Yes
Observations 294,232 294,232 294,232 294,232
R-squared 0.128 0.135 0.152 0.164

Note: Table shows regressions where the dependent variable is inflation expectations according to the Consumer Expectations Survey
(CES) of the European Central Bank. Column 1 shows controls for the average lifetime inflation of respondents of a given age at each
period in time and the last inflation measure. Column 2 follows Column 1 but adds cohort fixed effects and the interaction of those
cohort fixed effects with the current inflation. Column 3 follows Column 1 but adds time fixed effects and, hence, omits the current
inflation variable. Column 4 follows Column 1 but adds time fixed effects and demographic controls. The demographic controls are
income, gender, educational level, and country. The current inflation rate measure is based on the monthly YoY percentage variation
of the CPI. Robust standard errors in parentheses *** p<<0.01, ** p<0.05, * p<0.1. Standard errors clustered by age. The dependent
variable is trimmed, dropping the lower and upper 10 percent of answers in each period.
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Table B.8: History-based Kalman filter parameters, Europe

o2 o2 Ocv K
Belgium 0.16 2.51 -0.28 0.24
France 0.09 2.63 -0.14 0.17
Germany 0.12 3.13 -0.15 0.18
Italy 0.23 3.38 -0.38 0.24
Netherlands 0.13 3.54 -0.18 0.18
Spain 0.45 5.83 -0.65 0.26

Note: We obtain this calibration for each country following the steps outlined in Appendix B.3. The data for these calculations goes
from January 1971 to October 2022.

Table B.9: Parameter estimation, Europe

(D (2 €)) 4
Eﬁf (T2 10] 0.156%*** 0.208*** 0.094*** 0.060%**
(0.011) (0.016) (0.011) (0.018)
Time FE Yes Yes Yes Yes
Controls No Cohort Country Cohort,
country

Observations 271,311 271,311 271,311 271,311

R-squared 0.122 0.130 0.132 0.140

Note: Table shows results of Regression 2.6, but changing the dependent variable for inflation expectations according to the Consumer

Expectations Survey (CES) of the European Central Bank. We use population weights. The independent variable E;’if [meg12] is
the reference constructed for a respondent of age ¢ as explained in the main text. Column 1 considers a time fixed effect as a control.
Column 2 has time and cohort fixed effects. Column 3 has time and country fixed effects. Column 4 has time, cohort, and country
fixed effects. Robust standard errors in parentheses. Dependent variable trimmed at 10 percent and 90 percent in each period. ***
p<0.01, ** p<0.05, * p<O0.1.
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forecasts by cohort, Europe
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Note: Figure shows forecasts for selected cohorts according to the Kalman-

filter:

mate for € from Column 1 of Table B.9. Selected cohorts differentiated by their age in 2021. We further assume that each cohort starts

forecasting when they become 18 years old. The current inflation rate measure is based on the monthly YoY percentage variation of

the CPL
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Figure B.16: Observed inflation forecasts and history-based Kalman filter forecasts, Eu-
rope
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Note: Figure shows binned scatterplot across history-based Kalman filter forecasts (x-axis) and point forecasts of inflation expec-
tations according to the Consumer Expectations Survey (CES) of the European Central Bank (y-axis). Variables demeaned by the

intercept. Data go from April 2020 to September 2022. SCE variable trimmed at 10 percent and 90 percent in each period.
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B.8 Derivations for firm block

B.8.1 Final good producer

The final good producer operates in a perfectly competitive market. It produces the final good
Y; using a CES basket composed by a continuum of intermediate goods Y; (j) with 7 € [0, 1].

Therefore, the optimization problem of the firm is

max PY, — / P ()Y, (i d_’
R0 2 (5) Y (5) dj
jelo]

subject to

e
e—1

Y, — /wg?dj ,

j€[0,1]

where P, (j) is the price of intermediate good j, and € > 1 is the elasticity of substitution in
the CES basket. As a solution, we obtain the corresponding downward-sloping demand curve V
j€l01]

Py = / P (j) " dj ;
J€[0,1]
B.8.2 Intermediate good producers

There is a continuum of monopolistically competitive firms indexed by j € [0,1]. Each firm

J € [0, 1] produces the intermediate good Y; (j) with a production function given by

Yi (j) = AL (7)

where A; is a process that represents technology, and L, (j) is the labor employed by firm j.
The intermediate good producer will pay a nominal wage w; to workers.
We assume that intermediate good producers face price rigidities a la Calvo, where the prob-

ability of price change corresponds to (1 — ¢) € (0,1). Therefore, a reoptimizing intermediate
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good producer j € [0, 1] solves

max I,
{Pe(5)}

Zﬁbk "Qur (P () Yige (47) — Wi (Yipe (j)))] :

k>t

where W,(.) is a well-defined cost function. Here, Q;;, = 7 (Cy/C,) "7 (P,/Py.) with k > ¢
is the household’s stochastic discount factor used by firms. We assume that intermediate goods
producers use the stochastic discount factor associated with the aggregate consumption level. This

optimization is subject to the following sequence of demand for k& > ¢:

Yie (J) = (Ptp(k)) Y.

The first-order condition of this problem leads to

Yo () {1 — uMCyy () (ap(])” +E,

where M Cly () = U}, (Yiye () /Pe denotes real marginal costs for k > ¢, and p = ¢/(e—1) >

1 is the desired frictionless mark-up. Under the assumption of symmetry across all firms, the

S 6 Quiy () |1 - kM Ci >(PL(])>H ~0,

k>t

solution implies P; (j) = P,V j € [0, 1]. Therefore, the previous first-order condition reduces to

Yie (7) (1 — pMCy (j + K,

D QuaYig () (1 — My <j>)] =0.

k>t

Regarding the cost structure of this model, i.e. the ¥, (.) function, we assume that the only cost
of the firms are labor costs

Uy (Yk\t (J)) = %}I:(j);

which implies M Cy; (j) = Wi/ (AxPy) = MCy, V 5 € [0,1] and

Wi

Ay

Using the aggregate market clearing condition in the market of goods, i.e. Y; = C} V¢, the

Mt — PtMCt

optimal price P must satisfy:
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B | 20 6 Qi (7) Mk] E; | Y (¢8)" " PiCL7MC,
k2t k>t
Pr=p - u
Et Z ¢k_tQt,k}/;<;|t (]) ]E’t Z <¢B)l€—t P]jflcéfg
k>t o>t

A log-linearization of the previous equation leads to the following condition for the optimal

price

pi=p+(1—9B)E,

> (68) " (o + ka)] .

k>t
Finally, and following the standard procedure in the literature, we can derive the New Keynesian

Phillips curve. Under our framework, this equations corresponds to

(1-¢)(1-¢p)

™ = PBE, [7Tt+1} + &

(o0 +n) Y.
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B.9 Heterogeneous cohorts

In the baseline exercises we assumed a history-based Kalman filter operator where history varies
by cohort, as in Equation 2.3. In this section we analyze a variation of such operator, where we
assume that history is fixed across all cohorts. We define this alternative history-based Kalman

filter operator as

0,alt KF Efﬂ; Xt—i—h]
B [ Xegn] = E5 T [ Xeqn] +0 P Xen] — Z ,

j=1
where agents remember what occurred in the last J periods. As in the baseline case, we set
6 = —0.374.

Figure B.17 shows the impulse response functions to a cost shock and a taste shock according to
our model of Section 2.5. Besides the responses coming from the FIRE and history-based Kalman
filter cases with varying history across cohorts, we also consider the two cases for the alternative
history-based Kalman filter operator: fixing the history of all cohorts to the last 3 periods and fixing
the reference of all cohorts to the last 12 periods.

We see that the three cases follow the same pattern when compared to the FIRE case. However,
the expectations under the fixed reference cases show a stronger reaction to the shocks. This is
because the history span in these two alternative fixed reference cases is shorter than in the full-
fledged history-based case. While the latter remembers and is pegged to the steady state for longer,
the former cases do not.

It could be argued that if we choose a sufficiently long history with the alternative fixed-
reference Kalman filter operator, then we could closely replicate the results coming from the
full-fledged history-based case with different cohorts. However, we prefer the full-fledged history-
based case with different cohorts as it picks up the richness of the data and introduces it in the
model: there are different cohorts living at the same time, each has had different life experiences

and each has different beliefs.
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Figure B.17: Impulse response functions, comparison with alternative history-based
Kalman filter operator
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Note: Figure shows impulse response functions for a selected group of variables after the mentioned shocks. The red dashed line
shows the results for the case of the full information rational expectations model (FIRE), the green and magenta dotted lines show
the results of history-based Kalman filter model with fixed reference and the solid blue line shows the history-based Kalman filter

model where the reference varies by cohort. Horizontal axis denotes months after the shock.
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APPENDIX C

Appendix to Chapter 3

C.1 Additional figures and tables

Figure C.1: Distribution of total sales per firm
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0 50000 100000 150000 200000
Total sales per firm, USD

Notes: Figure shows distribution of total sales per firm up to the 90th percentile. Values expressed in US

dollars.
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Figure C.2: Histogram of estimated concentration parameters for Dirichlet distribution
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Notes: Estimated concentration parameters for a Dirichlet distribution according to the maximum likeli-

hood estimation from Equation 3.21.
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Table C.1: Data summary

Panel A: Aggregate statistics

Number of firms 21,497
Number of sellers 10,010
Number of buyers 16,403

Transactions 823,923
Total sales 1.2 billion USD

Average sales per 1,434 USD

transaction

Panel B: Statistics per firm

Average Std. Dev.  Min. Median  Max. IQR

Sales per seller 118,069 698,015 0 7,972 28,300,000 35,411
Transactions per seller 82 834 1 6 60391 23
Matches per seller 4 11 1 2 322 3
Types of varieties sold 3 6 1 1 100
per seller
Purchases per buyer 72,052 450,260 0 5,805 17,400,000 25,151
Transactions per buyer 50 276 1 7 16,059 26
Matches per buyer 3 4 1 1 147
Types of varieties 5 8 1 2 211 5
bought per buyer

Notes: Sales and purchases expressed in USD.
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Table C.2: Estimation for matching cost

(1 (2)
Ist Stage 2nd Stage
Dep. Variable Sales Trade

(Hyperbolic Indicator

Inverse Sine)

BC 0.013%** 0.131%**
(0.001) (0.008)
ihs[n (2, 2))] 8.340% %%
(0.024)
Obs. 5,606,627 5,606,627
Adj. R2 0.595 -
Pseudo R2 - 0.453
FE Seller, buyer -

Notes: Column 1 shows the results of estimating Equation 3.22. Column 2 shows the results of estimating
Equation 3.23. We winsorize In n/(Zz’) at 1 percent and 99 percent. Sample only contains in-state firms.
**% % and * indicate statistical significance at 1, 5, and 10 percent, respectively. Sales refer to the total
sales for a given pair of seller and buyer, respectively. The trade indicator is equal to 1 if there was at least
1 recorded transaction for a given pair of seller and buyer, and it is equal to O otherwise. Standard errors
are clustered at the seller and buyer level in Column 1. Standard errors are in parentheses. The higher the

Bhattacharyya coefficient, the culturally closer two firms are.
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C.2 Robustness

C.2.1 Correction for selection bias

Helpman et al. [2008] suggest that the traditional gravity equation estimations, which we use for
our intensive margin regressions, are biased because of selection issues. Thus, in this section, we
follow their proposed correction for selection bias.

In the first stage, we estimate the following linear probability model:
tr(v,w) =1, + 1, + 0BC (v,w) + n= (v,w) + YB2B (r,w) + € (r,w) , (C.1)

where we follow the nomenclature and the in-state sample from our extensive margin regressions.
Here, we need an excluded instrument that affects only the extensive margin (i.e. the matching
cost) and not the intensive margin (i.e. the trade cost). Thus, we consider the indicator variable
B2B (v,w) that equals 1 when both seller v and buyer w are in IndiaMART and equals 0 otherwise.
As mentioned in Section 3.2.2, IndiaMART is the largest e-commerce platform for business-to-
business (B2B) transactions in India.! Thus, the idea here is that it is easier for both firms to match
if they take part in this platform.

We present the results of this first stage in Table C.3. As before, the closer the firms are in
cultural terms, the more likely it is they will trade. Additionally, if both firms participate in India-
MART, the more likely the trade.

After the estimation, we recover the predicted probability of trading tr (v,w), with which we
calculate the latent variable

C(ryw) =07 (Ir (n,w).

where @~ (-) is the inverse CDF of the standard normal distribution. Following Heckman

[1979], we obtain the inverse Mills ratio

L o(Cww)
T(0) = ——F,
2 (Crw))
where ¢ (+) is the PDF of the standard normal distribution, and ® (-) is the CDF of the standard

normal distribution.

For the second stage, we estimate

Iny(v,w) =1, + 1, +0BC (v,w) + N= (v,w) + Y (E) +e(v,w), (C.2)

'In 2019, there were between 5 and 6 million registered firms in IndiaMART (https://www.indiamart .
com), which represented all firm size groups and all geographic regions in India.
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where y (v,w) is the total positive sales of seller v to buyer w and the term T (E ) accounts for
selection bias.

We present the second stage results in Columns 3 and 4 of Table C.4. We must note that for
computational reasons, we work with only an in-state sample, our results are not directly compa-
rable to the baseline results from Table 3.1. Therefore, Columns 1 and 2 present the results with
the in-state sample but without the correction for selection bias.

We find that not considering the correction for selection biases the coefficients downwards.
This way, we conclude that the main results related to the intensive margin in the paper represent

a lower bound of the effect of cultural proximity on trade.

Table C.3: Correction for selection bias, first stage

Dep. Variable = Trade

Indicator
BC 0.0010%**

(0.0001)
B2B 0.0016%**

(0.0003)
Obs. 5,628,290
Adj. R2 0.0106
FE Seller, buyer,

originxdest.

Notes: Table shows the results of estimating Equation C.1. The sample contains only in-state firms. ***,
** and * indicate statistical significance at 1, 5, and 10 percent, respectively. The trade indicator is equal
to 1 if there was at least 1 recorded transaction for a given pair of seller and buyer, and it is equal to
0 otherwise. Standard errors are two-way clustered at the seller and buyer level. Standard errors are in
parentheses. The higher the Bhattacharyya coefficient, the culturally closer two firms are.
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Table C.4: Correction for selection bias, second stage

(1) (2) (3) 4)
Dep. Variable Log Sales Log Log Sales Log
Transactions Transactions
BC 0.148%%** 0.095%*%* (0.223%%* 0.132%*
(0.035) (0.029) (0.074) (0.055)
Inv. Mills rat. 0.503 0.246
(0.421) (0.298)
Obs. 26,238 26,238 26,238 26,238
Adj. R2 0.392 0.360 0.392 0.360
FE Seller, buyer, Seller, buyer, Seller, buyer, Seller, buyer,

originxdest. originxdest. originxdest. originxdest.

Notes: Columns 1, 2, 3 and 4 show the results of estimating Equation C.2. Columns 1 and 2 do not
consider the correction for selection bias term. The sample contains only in-state firms. ***, ** and *
indicate statistical significance at 1, 5, and 10 percent, respectively. Sales and transactions refer to the total
sales and total number of transactions for a given pair of seller and buyer, respectively. Origin-destination
fixed effect considers the district of the seller and the buyer. Standard errors are two-way clustered at the
seller and buyer level. Standard errors are in parentheses. The higher the Bhattacharyya coefficient, the
culturally closer two firms are. Number of observations varies between specifications due to the dropping
of observations separated by a fixed effect [Correia et al., 2019].

C.2.2 Alternative cultural proximity measure

In this section, we present an alternative measure of cultural proximity to that of the Bhattacharyya
coefficient. Define the standard discrete distribution-based Kullback and Leibler [1951] divergence

- Smo ()

We have that KL (v|jw) > 0, where KL (v||w) = 0 when sellers and buyers have exactly equal

as

probability distributions, while it will be higher the more different the two probability distributions
are.” Intuitively, we can see this measure as the expected difference between two probability
distributions. However, this proximity measure is not symmetric; that is, K L (v||w) # KL (w||v).
Consider our previous example where we record a transaction between a seller v and a buyer with

distribution w, from which we calculate K L (v||w). If, in a second transaction, the roles of the firms

’This interpretation diverts from the standard use the Kullback-Leibler has in information theory, where a higher
divergence means a higher information loss.
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revert, then the Kullback-Leibler divergence would be K L (w||v), implying the cultural proximity
between the two firms has changed, when it should not change. To convert this measure into a

symmetric one, we define
K Lgym (vl|lw) = KL (v[w) + KL (w[|v) = K Lgym (w|[v) -

Notice this similarity measure needs p, (z) > 0 and p,, (z) > 0 for all . However, the proba-
bility of a firm belonging to a certain cultural group may be zero. In those cases, we replace that
probability of zero for a probability ¢ — 0" such that K L, is well-defined. Tables C.5 and C.6
show the regression results for the intensive margin, extensive margin, and unit prices. In this case,
the higher the Kullback-Leibler divergence, the more culturally different the buyer from the seller.

The results confirm the findings from the main text.

Table C.5: Effect of cultural proximity on trade, intensive and extensive margins,
Kullback-Leibler

(1) (2) 3) (4) (5) (6)
Dep. Variable Log Sales Log Log Sales Log Trade Trade
Transactions Transactions Indicator  Indicator
K Lgym -0.004%**  -0.003**  -0.005***  -0.003** -0.00004*** -0.00004***
(0.001) (0.001) (0.002) (0.001) (0.00000)  (0.00000)
Log dist. -0.023 -0.065%** 0.00007
(0.015) (0.011) (0.00005)
Obs. 32,678 32,678 32,843 32,843 5,606,627 5,628,290
Adj. R2 0.415 0.359 0.410 0.356 0.617 0.0106
FE Seller, buyer Seller, buyer  Seller, Seller,  Seller, buyer  Seller,
buyer, buyer, buyer,
originxdest. origin x dest. originxdest.

Notes: Columns 1, 2, 3 and 4 show the results of estimating a modified version of Equation 3.1. Columns
5 and 6 show the results of estimating a modified version of Equation 3.2. ***, ** and * indicate statistical
significance at 1, 5, and 10 percent, respectively. Sales and transactions refer to the total sales and total
number of transactions for a given pair of seller and buyer, respectively. Origin-destination fixed effect
considers the district of the seller and the buyer. Standard errors are two-way clustered at the seller and
buyer level. Standard errors are in parentheses. A higher Kullback-Leibler divergence means two firms
are socially farther away. Number of observations varies between specifications due to the dropping of

observations separated by a fixed effect [Correia et al., 2019].
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Table C.6: Effect of cultural proximity on prices, Kullback-Leibler

) 2) 3) “4) S (6)

Dep. Variable Log Prices Log Prices Log Prices Log Prices Log Prices Log Prices
K Lgym 0.003**  0.003**  0.003%* 0.002%* 0.002%* 0.001

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Log dist. 0.023 0.023 0.028%*

(0.016) (0.016) (0.017)
Obs. 230,744 230,744 226,645 235,001 236,617 230,900
Adj. R2 0.932 0.932 0.935 0.933 0.925 0.936
FE Seller xHS, Seller xHS, Seller xHS, Seller xHS, Seller xHS, Seller xHS,

buyer buyer, buyer, buyer, buyer, buyer,
month  monthxHS originxdest. month, monthxHS,

origin x dest.origin x dest.

Notes: This table shows the results of estimating a modified version of Equation 3.3. Good g is defined
according to 6-digit HS classification. Prices trimmed by 4-digit HS code at 5 and 95 percent. ***, **
and * indicate statistical significance at 1, 5, and 10 percent, respectively. Prices refer to unit prices of
goods sold. Origin-destination fixed effect considers the district of the seller and the buyer. Standard
errors are multi-way clustered at the seller, 4-digit HS and origin-destination level. Standard errors are in
parentheses. A higher Kullback-Leibler divergence means two firms are culturally farther away. Number

of observations varies between specifications due to the dropping of observations separated by a fixed
effect [Correia et al., 2019].
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C.2.3 Language

In this section, we check if the results we find are driven by language similarity. To do so, we
follow the two language similarity measures from Kone et al. [2018]. Define 1! as the share of
people with mother tongue [ in district . Then, the common language measure between districts ¢
and j is
commlang;; = Zﬁwé (C.3)
!

We can also define a language overlap measure, defined as

overlang;; = Z min {195, ﬁé} . (C4)
1

In both cases, the larger the measures, the less likely it should be for people in these districts
to face communication barriers. Then, we estimate the following intensive margin regression that

considers language measures:

Iny (v,w) =1, + t, + 0BC (v,w) + n= (v,w) + (lang + € (v,w) , (C.5)

where lang is either commlang;; or overlang;.
Table C.7 presents the results. We find that none of the measures is statistically significant. This

suggests that the cultural proximity result is not driven by firms sharing the same language.
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Table C.7: Effect of cultural proximity and language on trade, intensive margin

(1) (2) (3) “4)
Dep. Variable Log Sales Log Log Sales Log
Transactions Transactions
BC 0.108%%*%* 0.068** 0.108*** 0.068*%*
(0.033) (0.028) (0.033) (0.028)
commlang -0.322 -0.126
(0.389) (0.305)
overlang -0.419 -0.061
(0.406) (0.324)
Obs. 30,703 30,703 30,703 30,703
Adj. R2 0.409 0.357 0.409 0.357
FE Seller, buyer Seller, buyer Seller, buyer Seller, buyer

Notes: This table shows the results of estimating Equation C.5. *** ** and * indicate statistical signifi-
cance at 1, 5, and 10 percent, respectively. Sales and transactions refer to the total sales and total number
of transactions for a given pair of seller and buyer, respectively. Standard errors two-way clustered at the

seller and buyer level. Standard errors are in parentheses. commlang and overlang are language distance

measures according to Equations C.3 and C .4.
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C.2.4 Goods specialization

The cultural groups in India are, in many cases, defined by the production of specific goods [Mun-
shi, 2019].% In this section, we study whether the cultural proximity results come from the fact
that cultural groups specialize in the production and consumption of certain goods. If this were
true, then the cultural proximity results would be due to different cultural groups specializing in
certain goods, and therefore forming specific links with other cultural groups that either produce
their inputs or consume their goods.

Here, we first must know which are the goods in which each cultural group specializes in selling

and buying within our dataset. For this, we take the following steps:

1. We assign each firm to a unique cultural group. We do this by assigning each firm to the
cultural group to which it has the highest probability of belonging according to its vector of

probabilities p.

2. We determine which is the most important 4-digit HS code in terms of sales and purchases

for each cultural group.

3. We create a dummy variable ]I;pecﬂse”e" that equals 1 when a firm sells the good in which
its cultural group specializes in selling. Similarly, we define dummy variable ]Izpec’b“y” that

equals 1 when a firm buys the good in which its cultural group specializes in buying.

Working with a version of our dataset at the transaction level, we estimate the regression
Inng (v,w, ) = tyg+tgr+tw+BC (r,w) +& (BC (v,w) X IPC) +1Z (v,w) +¢4 (v,w) . (C.6)

Table C.8 presents the results for the sales. First, if the cultural proximity results were only
driven by cultural groups producing specific specialized goods, then we would expect the term on
cultural proximity to be close to zero, and the term on the interactions to be statistically different
from zero. However, we find that cultural proximity matters for all types of goods: for those in
which a cultural group specializes and for those in which a cultural group does not specialize.

Second, in Column 2, we find that the coefficient on the interaction term is positive and statis-
tically significant. Nevertheless, we lose this statistical significance after controlling for additional
variables in Column 4. This could point to cultural proximity mattering more for those goods in
which cultural groups specialize in buying, but the result is not conclusive.

All in all, the results suggest that specialization does not play a role in the determination of the

effect of cultural proximity on trade.

3We can also understand this as certain cultural groups specializing in certain occupations.

167



Table C.8: Effect of cultural proximity on trade by good specialization, intensive margin

(1) (2) 3) “4)

Dep. Variable  Log Sales Log Sales Log Sales Log Sales
BC 0.072%*%*  0.071%**  0.064***  (0.064%**

(0.026) (0.025) (0.023) (0.023)
BC x ]I;p“’se”” -0.016 0.135

(0.160) (0.304)
BC x ]Izp“’b"y” 0.152%%* 0.185

(0.008) (0.118)

Obs. 226,039 226,039 229,719 229,719
Adj. R2 0.853 0.853 0.854 0.854
FE Seller xHS, SellerxHS, SellerxHS, Seller<HS,

buyer, buyer, buyer, buyer,

monthxHS monthxHS monthxHS, monthxHS,

origin x dest. originxdest.

Notes: This table shows the results of estimating Equation C.6. ***, ** and * indicate statistical signif-
icance at 1, 5, and 10 percent, respectively. Sales refer to the sales of specific good g for a given pair of
seller and buyer. Good g is defined according to 6-digit HS classification. Sales were trimmed by 4-digit
HS code at 5 and 95 percent. Origin-destination fixed effect considers the district of the seller and the
buyer. Standard errors are two-way clustered at the seller and 4-digit HS level. Standard errors are in
parentheses. The higher the Bhattacharyya coefficient, the culturally closer the two firms are. The number
of observations varies between specifications due to the dropping of observations separated by a fixed ef-
fect [Correia et al., 2019]. ]I‘;pec’se”” indicates the good g is the good in which the seller’s cultural group
specializes in selling. I[_f]p“’b“ye’” indicates the good g is the good in which the buyer’s cultural group spe-

cializes in buying.
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C.2.5 Industry pair linkages

In this section, we revise the intensive margin regressions after considering that there are pairs of
industries that are bound to trade more than other pairs. For instance, perhaps certain castes happen
to specialize in certain industries, and these industries are more likely to trade with each other. For
this analysis, we add a selling firm’s industry x buying firm’s industry fixed effect to the intensive
margin estimation. The sectors are based on the 4-digit HS code of the good with the highest sales

for each firm. Therefore, we estimate

Iny (v,w) = 1, + tw + 6BC (r,w) + 1= (v,w) + (L x (1) + ¢ (v,w), (C.7)
where " and " denote industry fixed effects for the seller v and the buyer w.

Table C.9 presents the results. When compared to the results in Table 3.1, we find that, while

the effect of cultural proximity is slightly higher, the main message prevails.

Table C.9: Effect of cultural proximity after controlling for industries, intensive margin

(1) 2) 3) “)
Dep. Variable Log Sales Log Log Sales Log
Transactions Transactions
BC 0.105%%* 0.089** 0.145%** 0.104%*%*
(0.052) (0.043) (0.055) (0.045)
Obs. 16,194 16,194 16,229 16,229
Adj. R2 0.414 0.326 0.395 0.308
FE Seller, buyer, Seller, buyer, Seller, buyer, Seller, buyer,
seller seller origin xdest., originxdest.,
ind. xbuyer ind.xbuyer seller seller
ind. ind. ind.xbuyer ind.xbuyer
ind. ind.

Notes: Columns 1, 2, 3 and 4 show the results of estimating Equation C.7. *** ** and * indicate statistical
significance at 1, 5, and 10 percent, respectively. Sales and transactions refer to the total sales and total
number of transactions for a given pair of seller and buyer, respectively. Origin-destination fixed effect
considers the district of the seller and the buyer. An industry is classified according to the 4-digit HS clas-
sification of the most sold good by each firm. Standard errors are two-way clustered at the seller and buyer
level. Standard errors are in parentheses. The higher the Bhattacharyya coefficient, the culturally closer
two firms are. Number of observations varies between specifications due to the dropping of observations

separated by a fixed effect [Correia et al., 2019].
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C.3 Model

C.3.1 Technology

There is a continuum of firms that operate under monopolistic competition and produce differen-
tiated goods indexed by w. Since each firm produces a unique good, w denotes a firm or a good.
We consider a roundabout production economy, so firms can purchase intermediate inputs from
all firms in the economy. Each firm produces its differentiated good with hired labor from the
representative household and intermediate inputs.

Firms operate in three steps. First, sellers endogenously choose buyers (i.e. matching). In
particular, a seller v sells to buyer w whenever the profits of doing so are larger than the fixed costs
of matching eF (v, w). Guided by our stylized facts, we argue that cultural proximity BC' (v, w)
between seller v and buyer w determines the pairwise matching costs F' (v, w). Indeed, previous
work describes how culture encodes information that is useful for sellers to decide which buyer to
sell to [Allen et al., 2019, Balmaceda and Escobar, 2017].4

Second, upon matching, due to the risk of buyers withholding payment, sellers charge a pre-
mium to buyers (i.e. terms of trade). In particular, the price that seller v charges to buyer w
includes a premium d (v, w) > 1, which is a function of different factors that influence the hold-up
process. Guided by our stylized facts, we posit that cultural proximity BC' (v, w) between seller v
and buyer w determines d (v, w). This is similar to earlier work on how culture can be an informal

institutional channel to solve hold-up problems.’ Third, sellers and buyers trade.

Step 1: Matching. In the first step, we endogenize sellers selecting which buyers to trade with
by laying out the maximization problem of firms, and how cultural proximity influences it. A seller
v matches with buyer w whenever the seller’s profits of doing so 7 (v, w) are larger than the fixed
costs of matching e/ (v,w), where F' (v,w) are pairwise fixed costs of matching, and ¢ are i.i.d.
log normal errors with mean i,y and standard deviation oy, (). It can be shown that profits are
proportional to the value of intermediate sales n (v, w) from seller v to buyer w, such that

nlnw) C8)

T (r,w) = .

Sellers are looking for buyers, and vice-versa. Firms can meet costlessly, so all firms can meet
each other before deciding who to match with. The purpose of a meeting is to infer the fixed costs

the seller would incur if they were to trade with each buyer. Here we rationalize how sellers infer

“4There could be other microfoundations motivating how culture influences matching costs (e.g. risk-sharing as in
Ambrus et al. 2014, Bloch et al. 2008. These would generate similar frictions at the extensive and intensive margin.

3 Again, this would be consistent with other microfoundations on how culture influences trade costs due to reputa-
tion [Banerjee and Duflo, 2000, Chen and Wu, 2021] or loyalty [Board, 2011].
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the costs of matching arising from cultural proximity. We assume that each firm owner has a name
and that sellers and buyers exchange names upon meeting. Then, each name has a probability
mapping to different cultural groups. We assume that this mapping is public information. So, for
example, we assume that all firm owners know that the surname Shah is associated with either of
the three groups: Jain, Muslim (Faqir), or Hindu (Vaishnav baniya), with probabilities reflecting
the empirical distribution.

For each cultural group j, we consider the matching function

M (v,w) = (pu ())* (p (1)) 7,

where p, (j) is the probability that seller v belongs to cultural group j, p, (j) is the probability
that buyer w belongs to cultural group 7, ¢ is the weight of v to determine their proximity. For

simplicity, we assume ¢ = % The expected proximity between v and w is
1 &
M (v,w) = }JZIMJ (r,w) x BC (v,w).

That is, the expected proximity between seller v and buyer w is proportional to the Bhat-
tacharyya coefficient we use in the empirical part of the paper to measure cultural proximity
between firms. Finally, following our stylized facts, the fixed costs of matching are a function
of cultural proximity such that F' (v,w) = f (M (v,w)), where f (-) is an exponential function
for simplicity. Our modeling decision allows for the fact that a firm belonging to a cultural group

encodes information that other firms use to determine the cost of matching. Then, we consider
F(v,w) =k +exp (—yBC (v,w)), (C.9)

where v > ( measures the sensitivity of the pairwise matching cost to the cultural proximity
BC (v,w), and & is a scaling constant.

The intuition behind parameter - is that it encases court quality, such that v = ~ (I°°*"*), where
I«urt is an indicator of low court quality. In this sense, Table C.2 suggests that parameter - in-
creases in magnitude when I°“"* = 1 and firms face weak court quality. The lower the quality of
courts is, the larger parameter  is, and the more firms rely on cultural proximity to match.

We now describe how firms match. Before the formation of the network, firms are characterized
by A = (z, p), where z is productivity, and p is the vector of probabilities of firm A belonging to

each cultural group. After firms meet each other and infer their cultural proximity, firms now only
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differ in their productivity z. So the share of seller-buyer pairs (z, z/) is

[ (z,zl) = /]I [ln <7r <z, zl>> —1In <F (z,z/>> —1In (e <z, z/>> > 0} dH <6 (z,zl>> ,
(C.10)
where [ (z, z/) is called the link function. From Equations 3.18 and C.10, we see that the higher

the cultural proximity, the lower the matching cost and the larger the probability of matching. This
relates to Stylized Fact 2.

Step 2: Terms of the contract. After matching, seller » and buyer w set up the terms of the
contract. We first consider the possibility that the buyer may withhold payment after the seller
ships the goods. The seller’s concerns around this issue can be monetized in the premium that the
seller charges to the buyer. This premium gets passed to the unit price p (v,w) that results from
profit maximization

p(r,w) = puc(v)d(v,w), (C.11)

where ¢ (1) is the marginal cost and p = ~%5 is a markup.

We now turn to explain the premium d (v, w). Time is continuous within our one-period static
model. Seller v considers the time 7' that buyer w withholds payment for the first time is a random
variable. T' follows an exponential distribution with intensity rate ¢ (v, w). Then, the probability

seller v waits for more than ¢ units of time until buyer w withholds payment for the first time is

P(T>t)=1-P(T <t),
=1—(1—exp(—0(r,w)t)),
=exp (=0 (r,w)t).

Seller v cares that buyer w never withholds payment. Then, the probability p that seller v waits

more than a unit of time until buyer w withholds payment is

p=P(T>1),
=exp (=0 (r,w)).

Then, the expected number of times buyer w withholds payment is %. We posit that the premium
d (v, w) is proportional to the expected number of times buyer w withholds payment to seller v. The

intuition is that seller » will charge a higher premium if there is a higher hold-up risk from buyer
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w. For simplicity,

dr,w)==->1

Y

=

=exp (6 (r,w)).

Finally, we allow § (v, w) to include a set of covariates that affects the terms of trade. For exam-
ple, inputs can spoil or get lost more easily with larger distances, which increases the probability
of buyer w not paying seller v since the goods did not arrive as agreed.

More importantly, guided by our stylized facts, we allow for the fact that, upon matching,

cultural proximity BC (v, w) also influences ¢ (v, w). In particular, we consider
d(v,w) =exp (BBC (v,w) + € (v,w)), (C.12)

where 8 < 0 is a trade cost semi-elasticity, and € (v, w) are unobservables.

From Equation C.11, we have that the higher the cultural proximity, the lower the prices, which
relates to Stylized Fact 3. Likewise, from Equation 3.20, we see that the higher the cultural prox-
imity, the higher the intermediate sales, which relates to Stylized Fact 1.

The economic intuition of parameter [ is that it incorporates information on court quality, such
that 8 = [ (I°“"). Based on the result of Table 3.4, we know model parameter [ increases in
magnitude when [°°“"* = 1 and firms face bad courts. Therefore, parameter 3 relates to how firms
respond to court quality: the lower the quality of the courts, the larger the magnitude of parameter
B, and the more important cultural proximity is for trade.

Step 3: Trade. Finally, we model trade. Each firm has a technology

Y (W) = Koz (W)L (W)*m (W)™, (C.13)

S S
a®(1—a)t=o

[ (w) is labor, and m (w) are intermediate inputs from other firms. In turn, the intermediate inputs

where y (w) is output, £, = is a normalization constant, z (w) is firm-level productivity,

are defined as a CES composite so

o

miw) = ([ L) w)",

where m (v, w) is quantity of inputs from seller v to buyer w, o > 1 is the elasticity of substitution

across intermediates, and 2 (w) is the endogenous set of suppliers of buyer w. By cost minimiza-
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tion, we get

P(w)
z (w)

c(w) = (C.14)

1

where P (w) = ( fV co(w) P (v, w)l_g du) "7 is a CES price index across prices of intermediates,
and labor is the numeraire good, so w = 1. Profit maximization subject to demand generates
constant markup pricing such that the unit price is p (v,w) = uc (v) d (v,w), as stated before.

We now derive the demand for intermediates, so
n(v,w)=pw) " Pw’ "Nw), (C.15)

where N (w) = [

v

caw) ™ (v,w) dv is the total intermediate purchases by buyer w and n (v,w) =
p (v,w)m (v,w) is the value of purchases from seller v to buyer w. From Equation C.15 we can

obtain the gravity equation as
log (n (v,w)) =t, + 1, + (1 — o) log (d (v,w)), (C.16)

where ¢, and ¢,, are seller and buyer fixed effects. Here, the premium d (v, w) enters the gravity

equation as a trade cost. This gravity equation relates directly to Equation 3.1 that we estimate.

C.3.2 Equilibrium given extensive margin

Conditional on the extensive margin (i.e. sellers matching with buyers), firms only differ in pro-

ductivity z. Based on the price index of all of the goods acquired by firm ', we get
A 1— (1—a)(1-0) _o—1 A /
P (Z ) =u 7 [ P(2) 277d (Z, 2 ) l (Z, 2 ) dG (z), (C.17)

where [ (z, z/) is the share of sellers of productivity z that sell to buyers with productivity 2,
also called the link function. Now, total sales of firm z is the sum of sales to households plus

intermediates, so

S(2) = [Ml—crp (Z)(l—a)(l—a) za—l} ”

[+ (52) (116 P ()10 a6 ()]

(C.18)
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C.3.3 Preferences

A representative household demands goods from firms with CES o > 1, the elasticity of substitu-

tion between goods, and inelastically supplies labor to firms. The household maximizes utility

o o1
max (/ Yy (w)Tl dw> , s.t. / p(w)y(w)dw <Y,
{y(w)} weQ we

where y (w) is the household demand for good w, p (w) is the price the household pays for good w,
() is the set of goods in the economy, and Y is total income. This generates the demand for good w

z(w) =p(w) 7p7Y, (C.19)

where 2 (w) = p (w) y (w), and p = ([ _,p (w)'™7) " is a CES price index.

C.4 Model derivations

C.4.1 Technology

A unique variety w is produced by a single firm which minimizes its unit cost of production subject

to its production technology, so

min / m(v,w)p(r,w)dv + wl (w),s.t.
{m(vw)} reQ(w)

Y (w) = Koz (W) L(w)*m(w)
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Rewrite the minimization problem, such that

min / m (v,w)p(v,w)dv + wl (w),
{m(u,w)} VEQ(W)

_ 1 a—
/ m (v, w)p (1, w) dv + ke @ w2 (W) 7" m (W) T,
reQ(w)

1 1 o P=s e
/ m(v,w)p (v, w)dv + ko *wz (W)~ = (/ m(l/,w)Tl du) .
reQ(w) reQ(w)

The first order condition with respect to m (v, w) is

a
_l g o—
1 K/aa (;a) wz (w)_é( o—1 al_l
m(v,w)s = = ;
p(v,w)
o (122)7 w2 (w) 5 () G )
m(v,w) = o -
p(v,w)

Now, the first order condition with respect to m (v, w) is

o Lol a—l_l

/i(;% (k—o‘)aw“z (W)™« (...)”(ff—l 1)

m(v,w) = < P w)

We divide both first order conditions, such that

mvw)
m (v, w) Ko @ (152) woz(w) " & ( )”(ﬁaT_l’l)’
(v w)”
2(w)” &
_ prw)?
2(w) &
p(vw)?
_p(Vw)
p(v,w)”’
' p
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We plug this expression back into the expression for the composite of intermediates, so

o

m(w) = (/y/eg(w) mv,w) " d,/) ﬁ’
([ () ")

el

=p(r,w)’ m(r,w) (/ p(V,w)' 7 du) o
v'eQ(w)

J/

a

:(P(Lu)lf[")”‘I

= p(r,0)"m (v,w) (P (W) ™) 7,
= p(v,w)" m(v,w) P (@)™,
m (w) p (v,w) ™ P ()7,
p (v, w)m (v,w) = m (@) p(r,w) ™ P (@),
n(v,w) = P(w)m(w)p,w) ™ P W),
= N (@) p(rw) ™ Pw) ™,

which is the demand of firm w from variety v, where P (w)'~°

= Jeaw P @ w)' "7 dv is the
price index faced by firm w, n (v,w) = p (v,w) m (v, w) is the expenditure of w on variety v, and
N (w) = P (w) m (w) is the total expenditure of firm w.

The expression for the unit cost of production is

where wages w = 1 is the numeraire price.
Now, firms engage in monopolistic competition since they produce a unique variety. In par-
ticular, firm v maximizes profits by selling its good to buyers w subject to the demand for its

intermediate, so

max / (p(v,w) —d(v,w)c(v))m(r,w),s.t.
{p(lj,w)} weﬂ(y)

m (v,w) =m(w)p(v,w) " Pw)”,

where d (v, w) is the iceberg cost of firm v selling to w. Rewrite the profit function 7 (v, w), such
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that

 (1,) = (p (1,) — d (1,0) () 0 (1)
=pr,w)m(v,w) — d(uw)c(u m(v,w),
= () m (@) p (1,0) 7 P (@) — d () e () m () p ()™ P ()"
=m(w)p,w) P W) —dv,w)e@)mw)pr,w) 7 Pw).

The first order condition is

p(v,w)]: (1 =a)m(w)p(v,w) ™ Pw)’
d

(o)) o) m () p (v) 7 P (W) =0
(0= 1)m () p(1:0) 7 P ()" = 0d () c(0)m () p (1) " P ()"
(0—1):ad(y,w)c(y)p(y,w)_l,
pne) = (-2 ) e)aw

where 1 = ~%; is the markup. Finally, firm w maximizes profits subject to the household demand

for its good:

Rewriting profits:

=(p(w) —cW)) (pW) " p" 1Y),
=p W) T PY —c(w)p(w) T pY-

Then, the first order condition is:
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where £ is the markup.
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C.4.2 Preferences

A representative household maximizes its utility subject to its budget constraint, so

o—1

max (/ y(w) o dw) . , s.t. / p(Ww)y(w)dw <Y,
{y(w)} e o

The first order condition with respect to firm w is

@l (55) 0 (S )y = e,

oc—1 o
o 1

A (@)= ()7 Ty (W)

where A is the Lagrangian multiplier of the budget constraint, and (. .. ) is an aggregate term we
do not write down since it will cancel out during the derivation. Now, the first order condition with

respect to another firm ' is
g __ _1
A (W) = ()T y (W)

We then divide both first-order conditions, such that

Ww) _ ()7 y(w)
AP W) )T  y w)
Pw) _yw)?
ACON
_ y ()7
y(w)e
y()r =y () 2

3
E\f\

<
E\
S~—
I
<
£
VR
=
| &
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We plug this demand back into the budget constraint, which holds with equality, so

y(w
=(p W)y W) p W)™ P,
z(W)p W) P,
r(w)=pw) TP,

which is the demand function for the unique variety of firm w, where p'~7 = [ coP (W )1 7 dw is

a CES aggregate price index, and = (w) = p (w) y (w) is the expenditure on a variety w.
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C.4.3 Gravity of intermediates

By plugging the pricing equation in the demand of firm w for intermediates from firm v, we derive

the firm-level gravity equation

n(1,0) = p ()~ P ()N (),
= (pe () d(v,w) 7 P ()" N (w),
= W () e )T P (@) N (@),
log (1 (v,0)) = log (4~ (v,0)!~" ¢ (1)1~ P ()" N (&),
— log (1'~7) +1og (c (y)170)1+10g (P (W)’ 'N (w)) +log (d (v, w)lfa) :

Vv Vv Vv
L Ly lw

=141+, + (1 —0)log(d(v,w)),

where ¢ 1s an intercept, ¢, are seller fixed effects, and ¢,, are buyer fixed effects.
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C.4.4 Equilibrium given the extensive margin

In this section, we derive the expression for the equilibrium objects given the structure of the

production network. We first derive the recursive expression for prices, and then for total sales.

Recursive expression for prices. Consider the expression for the CES price index, so

P(w)™ = / ) i
vell(w

P (Z’)lfa = /p (z, z’)lfa [(z,2")dG (2),

:/<(0i1>c(z)d(z,z’))l_gl(z‘,z/)dG(Z)7

e / (c(2)d(2,2)) " dG (2),

= ul"/ (L)_ad (2, z’)) [(2,2)dG (2),

= ,ul_"/ (Md (2, z')) [(z,2)dG (2),

= / P ()N 207N (2,2) 77 (2,2) dG (2).

That is, the price index for firms of productivity 2’ can be expressed as a function of all other

price indexes of firms z. This forms a system of equations we can solve.
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Total sales. Consider the expression for total sales (i.e. sales to the household and firms), so

S(V):x(y)—i-/ n(v,w) dw,

we(v)

S(z)=1z(z2) —I—/n(z,z’)l(z,z')dG(z'),

= (2-)1_”19"’13/
|:<a i 1)1_0 (P(221a> } / [d (z,2/) 77 P( /)Ule(Z/)] 1(z,2")dG (),

(2)7Y

pl—a
[P ()0 2] / A=) PN ()| 1z ) dG (=),
()Y

pl—a |

- [u*"P(z)“‘a)(l“” zH} / [d (2,2) 7P ()" ((1_025 (z))} 1(2,2)dG (2'),

[pfi i (1;“) ( / [d (z,z')lfop(z')gfls(z')] [(z,2)dG (z'))] ,

(1=a)S(z")
I

where we use the fact that N (2/) = . Given prices P (z), this forms a system of equations

for sales we can solve.
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C.5 Targeted and untargeted moments

Since the link function noise distribution affects how firms match between them, to identify the
parameters related to this distribution we must target moments that are related to the extensive
margin.

First, we target the mean of the log-normalized number of buyers In <%>, where N, (v)
is the number of buyers a seller v has; and the mean of the log-normalized number of sellers
In <A%) , where N (w) is the number of sellers a buyer w has. Because these two moments are
related to magnitude of the matching, they should inform us about the mean of the link function
noise distribution fu,(¢) and the scaling constant for the pairwise matching cost k.

Second, this being mostly a seller-oriented model, to identify the standard deviation of the link
function noise distribution oy, () we target the variance of the log-normalized number of buyers
In </\%> Lastly, to identify the standard deviation of the log-productivity distribution, we must
choose a moment that is related to the variance of the intensive margin. Thus, we target the variance
of the log-normalized intermediate sales In (%), where N (v) is the total intermediate sales a
seller v makes.

The first untargeted moment we consider is the variance of the log-normalized number of sellers

In <A%> The second untargeted moment we examine is the variance of the log-normalized

intermediate purchases In ( /{/v ((U:) )) )

The exact definition of the targeted and untargeted moments, as well as the construction of their
empirical counterparts are as follows:

Normalized number of buyers and sellers

Data. In our dataset, for each firm 7, we calculate the number of firms it sold to and the number
of firms it bought from. Then, to normalize this measure, we divide this number by the total
number of firms in our sample. Thus, for a specific firm ¢, we can understand this measure as the
share of firms this specific firm ¢ is connected to, both as a buyer and a seller.

Model. For this part, we start with the link function matrix, where each element [ (z, z/) repre-
sents the pairwise probability that seller z will match with buyer z’. For each seller z, we take the
average [ (z, z') across all the possible buyers. This represents the proportion of firms that seller
z will match to the total number of firms. We multiply this number by the total number of firms
N to obtain the number of buyers for each seller z. We follow a similar procedure to calculate the
number of sellers each buyer 2 has.

Normalized intermediate sales and purchases

Data. In our dataset, for each firm 2, we calculate the total sales to other firms and the total
purchases from other firms. In the case of the sellers, we normalize this measure by dividing the

total sales of firm ¢ by the total number of buyers this firm has. We follow a similar procedure with
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the buyers to calculate the normalized intermediate purchases.

Model. We use the intermediate sales matrix, where each element n (2, z/) represents the total
sales of intermediate goods from seller z to buyer z". We sum all the sales for each seller z and
divide this number by the number of buyers it has. Thus, we obtain the normalized intermediate
sales for a given seller. For the normalized intermediate purchases, we follow a similar procedure

with the buyers.

Goodness of fit. After our matching procedure, we find the parameters o1,(;) = 0.88, pin) =
64.30, o = 10.85 and xk = 14.80. Table C.10 in Appendix C.5 shows how the model-based
moments fare against their empirical counterparts. When it comes to the targeted moments, the
model can very closely replicate the empirical ones. For the untargeted moments, the model gets

reasonably close to the data.

Table C.10: Targeted and untargeted moments

Targeted Moments
Data Model
mean [In (N, (v) /N)] -9.24 -9.48

var [In (N (v) JN)] 0.98 0.89
var [m ( () /N, (v ))} 2.82 2.82
mean [In (N (w) /N)] -9.39 -9.14
Untargeted Moments
Data Model
var [In (N (w) /N)] 0.60 0.16

var [In (N (w) /N (w))] 273 0.56

Notes:  The targeted moments are the mean of the log-normalized number of buyers
mean [In (N, (v) /JN)], the variance of the log-normalized number of buyers var [ln (N (v) /N)]

and the variance of the log-normalized intermediate sales var [ln (N (v) /Ny (v)) |, where N (i) are the

total intermediate sales of seller v. The untargeted moments are the mean of the log-normalized number of
sellers mean [In (N (w) /AN)], the variance of the log-normalized number of sellers var [In (N (w) /N)]

and the variance of the log-normalized intermediate purchases var [In (N (w) /N (w))]-
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