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Abstract

This dissertation studies the impact of financial institutions and information frictions on

economic growth, as well as the effect of local economic fluctuations on aggregate financial

outcomes.

In the first chapter, co-authored with Chenzi Xu, we use a historical laboratory to show

that banks impact real economic activity through the liabilities side of their balance sheet,

where safer liabilities provide better monetary services. The United States National Banking

Act of 1864 required the new “national banks” to fully back their bank note liabilities with

federal bonds, thereby creating a new and stable currency, which reduced transactions costs

and facilitated trade. Using the discontinuity in the capital requirement as an instrument

for national bank entry, we find positive and sizable impact on trade-related activities and

manufacturing output growth.

In the second chapter, I study how changes in local economic conditions impact the

performance and investment decisions of firms given their spatial distribution of locations.

I use a sample of 285 publicly traded retail, restaurant, hotel, and entertainment service

chains from 1997 to 2016 to study the effect of quarterly state-level income growth on firms,

exploring variation in the geographic location of stores. I find that firms with more stores in

high-growth states have better financial performance, and higher predictable stock returns.

In addition, firm expansion is positively associated with past state-level income growth,

which leads to further small increase in profitability.

In the third chapter, co-authored with Arun Chandrasekhar and Benjamin Golub, we

study how social stigma of seeking information can inhibit learning, which could in turn
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have profound implications for economic development where information access is scarce.

We Consider a Seeker of uncertain ability who can learn about a task from an Advisor.

When higher-ability Seekers need information less, a Seeker concerned about reputation

may refrain from asking to avoid signaling low ability. Separately, low-ability individuals

may feel inhibited even if their ability is known and there is nothing to signal, an effect we

term shame. Signaling and shame constitute an overall stigma of seeking information. We

distinguish between the constituent parts of stigma in a simple model and then perform

an experiment with treatments designed to detect both effects. We find signaling to be the

dominant force overall. The shame effect is particularly pronounced among socially close

pairs (in terms of network distance and caste co-membership) whereas signaling concerns

dominate for more distant pairs.
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Introduction

This dissertation contains three essays in finance and economic development. In the first

chapter, co-authored with Chenzi Xu, we study how financial institutions have systematically

and persistently impacted local economy. We use a historical laboratory to show that banks

impact real economic activity through the liabilities side of their balance sheet, where safer

liabilities provide better monetary services. The United States National Banking Act of 1864

was enacted when the circulating money supply primarily consisted of privately issued

bank notes. The Act required “national banks” to fully back their bank note liabilities with

federal bonds, thereby creating a new and stable currency, which reduced transactions costs

and facilitated trade. National banks also faced regulatory capital requirements defined by

town population cutoffs. Using the discontinuity in the capital requirement as an instrument

for national bank entry, we find that the composition of agricultural production shifted

from non-traded crops to traded crops while total production was unaffected. Moreover,

trade activity proxied by employment in trade-related professions and businesses engaged

in trade grew. National banks also led to significant manufacturing output growth that was

primarily driven by sourcing more inputs. Furthermore, the higher levels of manufacturing

output persisted for two decades.

In the second chapter, I empirically explore how local economic fluctuations in turn

translate to aggregate financial outcomes. Specifically, I study how changes in local economic

conditions impact the performance and investment decisions of firms given their spatial

distribution of locations. I use a sample of 285 publicly traded retail, restaurant, hotel, and

entertainment service chains from 1997 to 2016 to study the effect of quarterly state-level

1



income growth on firms, exploring variation in the geographic location of stores. I find that

firms with more stores in high-growth states have higher sales growth contemporaneously

and higher predictable stock returns subsequently. In addition, firm expansion is positively

associated with past state-level income growth. While higher investment sensitivity to

positive past local income growth does not lead to higher future revenue growth, it is

associated with a small increase in profitability. The results suggest that regional economic

conditions are important for firm performance, but are under-weighted by investors and

managers.

In the third chapter, co-authored with Arun Chandrasekhar and Benjamin Golub, we

study how information frictions play a role in development. We investigate a social stigma

of seeking information can inhibit learning, which could in turn have profound implications

for economic development where information access is scarce. Consider a Seeker of

uncertain ability who can learn about a task from an Advisor. If higher-ability Seekers

need information less, then a Seeker concerned about reputation may refrain from asking to

avoid signaling low ability. Separately, low-ability individuals may feel inhibited even if

their ability is known and there is nothing to signal, an effect we term shame. Signaling

and shame constitute an overall stigma of seeking information. We distinguish between

the constituent parts of stigma in a simple model and then perform an experiment with

treatments designed to detect both effects. Seekers have three days to retrieve information

from paired Advisors in a field setting. The first arm varies whether needing information is

correlated with ability; the second varies whether a Seeker’s ability is revealed to the paired

Advisor, irrespective of the seeking decision. We find that low-ability individuals do face

large stigma inhibitions: there is a 55% decline in the probability of seeking when the need

for information is correlated with cognitive ability. The second arm allows us to assess the

contributions of signaling and shame, and, under structural assumptions, to estimate their

relative magnitudes. We find signaling to be the dominant force overall. The shame effect is

particularly pronounced among socially close pairs (in terms of network distance and caste

co-membership) whereas signaling concerns dominate for more distant pairs.
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Chapter 1

National Banks and the Local

Economy1

1.1 Introduction

There is a large literature on the importance of financial intermediaries in economic growth

both across countries (e.g. Rajan and Zingales (1998)) and within the United States (e.g.

Jayaratne and Strahan (1996)). Causally establishing the specific role that banks play in

promoting growth is challenging because financial institutions are not allocated randomly

and the local economic conditions will be correlated with characteristics of the bank itself.

In addition, most of the empirical evidence in this literature has focused on the assets

side of the balance sheet through the bank lending channel, yet many innovations to the

banking sector have been on the liabilities side with, for instance, the introduction of deposit

insurance. In the modern economy, there is no variation in the quality of the two most

common forms of bank debt—bank notes and demand deposits.2 While several theoretical

papers have shown that banks can issue liabilities that are sufficiently riskless that they

1Co-authored with Chenzi Xu

2The former is printed by the central bank with some exceptions such as Scotland and Northern Ireland
whose currency is supplied by several private institutions, and the latter is government-insured.
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can act as a transactions medium (Gorton and Pennacchi, 1990; Stein, 2012), there is little

empirical evidence demonstrating their effects on the real economy.

In this paper, we explore the effects of secure bank liabilities on the real economy by

studying the historical period after the National Banking Act of 1864. The Act created

a new class of federally regulated “national banks." With the aim of promoting banking

sector stability, regulatory capital requirements were set for national banks based on town

population, creating a plausibly exogenous entry cost for new banks in towns near the

population cut-off. In addition, it mandated that all national bank notes could be redeemed

for their nominal value. These two characteristics of the historical setting therefore provide

a natural experiment for local economies gaining access to stable bank liabilities that could

better serve as a medium of exchange to facilitate trade and growth.

More specifically, the first key regulatory difference between national banks and pre-

existing “state banks” was the capital requirements based on the population of the town

in which the bank was incorporated.3 In towns with fewer than 6,000 people the capital

requirement was $50,000, and in towns with 6,000-50,000 people the capital requirement

doubled to $100,000.4 The discontinuous jump means that towns just below the population

cutoff at 6,000 faced significantly lower entry costs for establishing a national bank than

towns just above the cutoff. These requirements were directly relevant for local national

bank entry as the banks were not allowed to branch. In addition, national banks were more

circumscribed in their lending practices, which were, in conjunction with the higher equity

capital requirements, designed to make them more stable.

The second key regulatory difference was that national banks were required to circulate

a standard currency, which grew out of the concerns that uncertainty over the value of

bank notes depressed economic activity (e.g. Cagan (1963); Knox (1900)). Prior to the

3State banks were so called because they were chartered under state legislation, which in general were more
lax than the newly introduced federal legislation.

4The capital requirement was based on the population of incorporated localities, which could be cities,
towns, boroughs, or villages in some states. For simplicity we will refer to all localities as “towns” going
forward. The capital requirement was $250,000 in towns with population above 50,000.
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establishment of national banks, state banks printed their own notes that only circulated

locally and traded at discounts relative to one another (Ales et al., 2008; Gorton, 1999). The

varying discounts introduced spatial and temporal price uncertainty that raised transactions

costs. By gaining access to a uniform currency, towns increased their “market access” by

reducing trading cost with distant places.5 We interpret the introduction of national banks

as a shock to a town’s market access that should positively affect its trade activity.

We use the different regulatory capital requirements as an exogenous source of variation

in gaining a national bank by instrumenting for bank entry with town population being

below the 6,000 threshold, according to the most recently published census. We focus on the

towns that gained a national bank for the first time in order to capture the impact of directly

accessing the more stable national bank notes. Our analysis begins with the 1870 census

rather than 1860 one to allow for the disruptions caused by the Civil War to equilibrate.

Our sample consists of towns that had fewer than 6,000 people in 1870 and no national

bank as of 1875, and had between 4,000 and 8,000 people in 1880.6 Choosing a small

population bandwidth of 4,000–8,000 allows us to limit our sample to towns that are likely

to be similar in both observable and unobservable characteristics. Among these similar

towns, some crossed the 6,000 population cutoff in the 1880 census, which doubled the entry

cost for a national bank. The identifying assumption is that there was not a concurrent shock

to lower-populated places that would cause them to grow faster after 1880. We control for

observable differences in their growth trajectory as proxied by population growth, a towns

financial development in the pre-period as proxied by the number of state banks in the town,

as well as the area’s transportation condition as proxied by the number of railroads in the

county. The predicted first stage is that towns that did not cross the population threshold

should be more likely to establish a national bank.

5The term market access is a reduced form expression for the costs of trading with all other places. It arises
from general equilibrium trade theory, and the market access for a given location is a function of the sizes and
trading costs of transacting with all other locations.

6The analysis is not sensitive to choosing 1875 as the first year we calculate whether a town has a national
bank. We show robustness to other years in the appendix.
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We show that our instrument strongly predicts the likelihood of a town having a

national bank in the mid-1880s: having fewer than 6,000 people in 1880 is associated

with 30% higher probability of gaining a national bank as of 1885.7 Controlling for a

town’s growth trajectory in the pre-period greatly alleviates endogeneity concerns with the

relationship between population levels in 1880 and future growth in these places. We also

show that pre-period observable characteristics were not significantly different between

the towns with a population above 6,000 versus those had below 6,000 population in 1880,

both conditionally and unconditionally. The balance on observables further suggests that

selection on unobservable characteristics is less of a concern.

Having established that lower regulatory capital requirements increased bank entry, we

first show that national bank entry significantly shifted the composition of goods produced

toward traded goods while not affecting total agricultural production. Output of traded

crops (those listed on the Chicago Board of Trade), such as wheat and oat, crowded out non-

traded crops, such as rye and barley. The pure compositional change avoids confounding

effects from other bank activities that would also affect the levels of production. It suggests

that the shift towards traded products was due to the access to a stable currency that reduced

transactions frictions. We also find that national bank entry did not impact agricultural

capital that was financed by short-term credit (proxied by fertilizers expenditure) or long-

term credit (proxied by the value of land and fixtures on farms). National bank lending to

the agricultural sector was overall limited, which is consistent with the evidence that there

were restrictions against lending to agriculture (Knox, 1900).8

We further demonstrate the positive impact of national banks on trade using direct

measures of local trade activity as proxied by employment in trading sectors. In particular,

we use contemporary business directories with town-level coverage and the full count Cen-

7This finding are consistent with Fulford (2015), Gou (2016) and Carlson et al. (2018) which also use
the population cut-offs governing national banks’ regulatory capital requirement in the late 19th and early
20th centuries. This result follows an older literature by Sylla (1969) and Sylla (1982) that the high capital
requirements imposed by the National Banking Act hindered financial development.

8The call reports do not provide information on the nature of the loans the banks held, so it is not possible
to test this directly.
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suses of Population to show that there was a relative increase in the number of commission

merchants, buyers, and shippers in places that gained national banks. We also show that

placebo professions that might capture general growth, such as architects and doctors, did

not differentially benefit from gaining a national bank.

Next, we study the impacts of national banks on the manufacturing sector, as manufac-

turing products are tradable and therefore the sector likely benefited from the increased

trade activity following national bank entry. We use the decennial Census of Manufactures

to show that places that gained a national bank experienced significantly greater growth

in total production between 1880 and 1890. Accessing national banks caused counties to

increase their manufacturing output by $310 per capita from 1880 to 1890 (about $8,620

in 2018 dollars) or about 50% relative to 1880 levels. These results are not driven by the

number of state banks before 1880 and the number of railroads in 1880.

The growth in manufacturing output appears to be driven by growth in inputs and

employment whereas manufacturing capital was not significantly affected. These results

suggest that national banks were unlikely to have facilitated growth through extending

long-term loans for capital acquisition (consistent with Fulford (2015)). Instead, outputs

growth was likely driven by short-term working capital and liquidity provision operating

through the assets side of the balance sheet, as well as transactions costs reduction in inputs

and outputs trading operating through the liabilities side.

Since the period we study was a part of the Second Industrial Revolution, when or-

ganized industrial R&D within firms emerged (Bruland and Mowery, 2006), we postulate

that the significant manufacturing production could also be attributed to innovation. We

use the number of patents at the county level as a proxy for manufacturing sector R&D

output.9 We find that places that gained national banks had higher increases in innovation

output, measured by number of patents granted to local inventors. One possible explanation

for this result is that the increased trade activity in places gained a national bank led the

9We provide evidence that at the county level, the number of patents obtained by local residents was
strongly correlated with manufacturing production between 1850 and 1890, and therefore is a reasonable proxy
for manufacturing sector R&D in this period.
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manufacturers to greater market access and exposed them to more varieties of products,

which could therefore incentive innovation for more product differentiation.

Lastly, we examine whether the positive effect of local national bank entry on manufac-

turing sector growth persisted over time, and find that the elevated levels of production

persisted until the 1900s.10 The initial growth in conjunction with the growth in trade and

innovation may contribute to the persistence. In particular, the short-term changes in trade

and innovation activity likely gave places with national banks a comparative advantage in

the manufacturing sector over a longer period.

Our results indicate that the more stable national banks played an important role in

local economic growth, and that the liability channel has first-order impact on production

decisions and economic development. However, given that the entry of a national bank

brought multiple changes in banking services, it is not possible to fully disentangle the

relative importance of asset- and liability-side channels. For example, without detailed

information on each national bank’s loan portfolio, we cannot rule out the possibility that

increased trade activity, proxied by changes in trade-related professions, may also be a result

from trade finance provided by national banks.

Our identification strategy follows a number of papers studying bank behavior in the

postbellum United States, and in particular those that use the regulatory capital requirements

based on population as a source of exogenous variation. For example, Gou (2016) uses

the introduction of a new population cutoff in the early 20th century to study the effect of

capital requirements on bank stability. Similarly to Fulford (2015) and Carlson et al. (2018),

we focus on the 6,000 cutoff in the 1880 census, and as in Carlson et al. (2018) we also control

for town population growth following the previous census as a proxy for a town’s overall

growth trajectory. Unlike Fulford (2015), we use a more geographically disaggregated unit

than the county, and in contrast to Carlson et al. (2018), we focus on towns that gained a

10The county-level data on manufacturing do not exist for 1910, and the levels are no longer significantly
different by 1920. Given the large amount of changes that likely occurred in WWI, we stop our analysis on the
long-term effect at 1900.
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national bank for the first time rather than incumbent entry.11

To the best of our knowledge, this paper is the first to provide empirical evidence that

secure and stable bank liabilities can positively affect real economic activity by acting as

a form of privately issued money. While the large literature on the importance of bank

debt liquidity has mostly focused on their fire-sale externalities and their role in raising

financial fragility (Diamond and Dybvig, 1983; Stein, 2012; Admati and Hellwig, 2014), this

paper studies a context in which they are truly safe assets (backed by federal bonds) and

therefore create a Gorton and Pennacchi (1990)-type transactions medium.12 In addition,

our focus is on the real economic effects rather than decomposing and pricing the safety and

liquidity premia for these assets (Krishnamurthy and Vissing-Jorgensen, 2012; Nagel, 2016).

In that sense, we provide evidence for a sub-national monetary channel in the tradition of

Friedman and Schwartz (1965); Romer and Romer (1989).

Furthermore, this paper adds to the literature of the historical determinants of economic

growth in the United States. This literature has focused on various factors, such as tech-

nological innovations that reduced transportation costs (e.g. Donaldson and Hornbeck

(2016)), information acquisition costs (e.g. Feigenbaum and Rotemberg (2014)), or changes in

demographics (e.g. Sequeira et al. (2018)). This paper is complementary, and contributes to

the better understanding of how the banking sector has impacted economic activities in the

late 19th century (Rousseau and Wachtel, 1998; Rousseau and Sylla, 2005; Landon-Lane and

Rockoff, 2007; Fulford, 2015; Carlson et al., 2018; Weiss, 2018).13 In particular, our results are

consistent with Sylla (1982), which argues that the National Banking Act’s high regulatory

11The concurrent work by Carlson et al. (2018) focuses on the role of bank competition and thereby requires a
different sample of towns. Their analysis primarily focuses on the asset side of the balance sheet and shows
implications for bank lending behavior, leverage, and survival during the 1893 Panic.

12Quadrini (2017) develops and calibrates a multi-sector model to show how the financial intermediation
sector can impact productivity through the bank liability channel. In his paper, bank liabilities provide insurance
for economic agents who become less constrained in their investments, which is different from our monetary
channel. Kashyap et al. (2002) study the synergy between lending and deposit-taking in liquidity provision, and
Pennacchi (2006) shows that the federal safety net provided by deposit insurance promotes banks’ ability with
liquidity provision. Our paper does not study the implication of stable bank liabilities on lending.

13Both Fulford (2015) and Carlson et al. (2018) attribute the impact of national banks to the credit channel on
the asset side of the balance sheet. While Fulford (2015) studies rural counties that gained national banks for
the first time, Carlson et al. (2018) studies the role of competitive entry on incumbent banks’ lending behaviors.
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capital requirements held back economic development by failing to expand the bank note

supply sufficiently.

The rest of the paper is organized as follows. Section 1.2 discusses the historical context

around the time period studied, and provides motivating facts for the assets and liabilities

channels. Section 2.2 explains the data collection, sample construction, and the empirical

strategy. Section 3.4 presents the empirical results on the effect of national bank entry on

real economic outcomes, such as production in the agricultural and manufacturing sectors,

local trade activity and innovation output. Section 3.7 concludes.

1.2 Historical Context

In this section, we provide an introduction of the historical background before and after the

National Banking Act of 1864.

1.2.1 The Free Banking Era

Between the expiration of the charter of the Second National Bank in 1836 and the estab-

lishment of the Federal Reserve system in 1913, there was no unified banking system in

the United States.14 The National Banking Act of 1864 marked an intermediate step when

federally-regulated banks operated alongside state-regulated banks. The period before

the National Banking Act was the Free Banking Era. During the Free Banking Era, bank

were chartered by their states and were subject to different regulations. State banks were

prevented from branching, and interstate banking was forbidden. Regulatory oversight was

generally weak, and bank runs and failures were frequent (Grada and White, 2003). There

was no formal system of interbank lending nor a lender of last resort, and the banking

sector experienced regular periods of booms and busts.15 As a result, the antebellum

14See Appendix ?? for more historical background on the First and Second National Bank before the Free
Banking Era.

15There were two exceptions: the Suffolk Banking System that served New England banks between 1827 and
1858, and a nonprofit collective founded in 1853 (Weber, 2012).
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banking system was fragmented, loosely regulated, and local economies were exposed to

the conditions of their local banks.16

A well-known feature of the Free Banking Era was that banks issued their own bank

notes which were only redeemable at face value in specie at the originating bank’s office.

In 1860 on the eve of the Civil War, there were almost 1,600 state banks, each issuing its

own bank notes. In large cities, the notes from hundreds of banks circulated at any given

time. The fact that there were so many bank notes in different designs means that they were

hard to verify and subject to counterfeit. Publications known as “Bank Note Reporters and

Counterfeit Detectors" were crucial for determining the legitimacy of a currency. Figure

1.1(A) displays an example of a private bank note from Massachusetts with face value $20,

where the name and location of the issuing bank is prominently displayed. Figure 1.1(B)

shows the written description for the same bank’s notes in a printed “counterfeit detector,"

where the $20 bill is described in the bottom left corner.

The lack of regulatory oversight from state legislations meant that banks often issued

notes beyond their redemption capabilities, causing uncertainty in the value of their bank

notes.17 Due to the asymmetric information in bank notes value and the physical redemption

costs, the bank notes did not generally trade at par with each other, creating numerous

and constantly changing exchange rates among the currencies (Gorton, 1999; Ales et al.,

2008). The large volatility in state bank notes value over time also indicates significant

time-varying idiosyncratic bank risks. For example, Figure 1.2 plots average discounts of

state bank notes in several states relative to banks in Philadelphia.18 Despite the relatively

low cost of acquiring information on the state banks in nearby regions, the discounts and

premiums were as high as 10% (Figure 1.2(A)).

16See Rockoff (1991) for a comprehensive review of the key characteristics of the Free Banking Era.

17Milton Friedman referred to the phenomenon of banks over-inflating their currency to the point of not
being able to meet redemption as ‘wildcat banking,’ a term that is now frequently applied to the Antebellum
period in American banking. Gorton (1996) shows that discounts on bank debt can also arise from a lack of
credit history.

18This data is collected in Ales et al. (2008) and the original source is Van Court’s Bank Note Reporter and
Counterfeit Detector published monthly in Philadelphia between February 1839 and December 1858.
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Figure 1.1: Bank Note from the Pittsfield Bank in Massachusetts

(A): Bank note from the Pittsfield Bank in Massachusetts

(B): Page from Hodges’ New Bank Note Safe-Guard

Notes: Figure 1.1(A) gives an example of a private banknote that was printed in 1853. The note is for twenty dollars,
redeemable for specie at the Pittsfield bank. Figure 1.1(B) displays an page from the Hodges’ New Bank Note Safe-Guard, first
published in 1859. It is an example of one of the many publications dedicated in helping merchants and brokers to detect
counterfeit bank notes. It describes the physical appearance of over 10,000 bank notes, “embracing every genuine note issued
in the United States and Canada." The description for the Pittsfield bank $20 note from figure 1.1(A) is shown in the bottom
row of the first column and accurately describes the note.

The discounts were more extreme for banks located farther away, as it became more

costly to verify the operational status of those banks, and information asymmetry problem

was exacerbated(Gorton, 1999). Figure 1.2(B) plots the average state bank notes discounts

for four states farther away from Philadelphia. The discounts were as high as 80%, which

meant that a bank note with face value of $1 in Mississippi would only be worth $0.2 in

Philadelphia. The final cost of buying goods in Philadelphia with Mississippi bank notes

12



Figure 1.2: Relative Discounts on State Bank Notes Relative to Philadelphia

(A): Regions close to Philadelphia
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(B): Regions faraway from Philadelphia
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Notes: Figure 1.2 plots the monthly average discounts on state bank notes relative to banks in Philadelphia. Data is from Ales
et al. (2008). The original source is Van Court’s Bank Note Reporter and Counterfeit Detector published monthly in Philadelphia
between February 1839 and December 1858.

would therefore be five times the nominal price. Furthermore, under the unit banking

structure, local price shocks could also easily lead to more bank failures (Bordo, 1998).

The high levels of relative discounts were sometimes due to falling state bond prices
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(Rolnick and Weber, 1982) or the anticipation of state bank failures. For example, Illinois

banks committed over 5 million dollars between 1836 and 1842 to building a canal that

would connect the Illinois River and Lake Michigan, hoping to reduce transportation cost

to a larger market. However, this investment completely drained state funds, and caused

a wave of state bank failures in Illinois.19 As a result, the relative discount of Illinois state

bank notes averaged at around 70% in 1842, compared to about 15% in the previous year.

Similarly, Rockoff (1975) estimates that losses on notes due to bank failures ranged from 7%

in Indiana to 63% in Minnesota.

The real costs of uncertainty and volatility from circulating multiple currencies created

large frictions in exchange and trade, and called attention of policy makers.20 In 1863,

Senator John Sherman from Ohio cited the uncertain values in bank notes as costly for every

citizen. In Congress, he argued for the passage of the National Banking Act explicitly in

terms of securing a stable medium of exchange:

This currency will be uniform. It will be printed by the United States. It will
be of uniform size, shape, and form; so that a bank bill issued in the State of
Maine will be current in California; a bank bill issued in Ohio will be current
wherever our Government currency goes at all; and a bank bill issued in the
State of Connecticut will be freely taken in Iowa or anywhere else. There is no
limit to its convertibility. It will be of uniform value throughout the United States.
I have no doubt these United States notes will, in the end, be taken as the Bank
of England note now is all over the world, as a medium, and a standard medium
of exchange [...] They will be safe; they will be uniform; they will be convertible.
Those are all the requisites that are necessary for any system of currency or
exchange.21

The cost of illiquidity of state bank notes, together with the need to raise money for the

19https://cyberdriveillinois.com/departments/archives/teaching_packages/early_chicago/doc3.html State
bank notes were usually collateralized with state bonds, and significant drops in the value of collateral often
caused bank failures.

20Weber (2003) shows that antebellum interbank payment system was consistent with trade patterns, which
suggests that banks attempted to facilitate trade. See Appendix ?? for contemporary examples of how the
uncertain value of state bank notes led to legal disputes and inconvenience in exchange. More recent scholars,
such as Cagan (1963), similarly attribute currency stability to economic growth in the second half of the 19th
century.

21Senate floor, February 10, 1863; http://www.yamaguchy.com/library/spaulding/sherman63.html
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postbellum federal government, eventually led to the passage of the National Banking Act

after the Civil War.

1.2.2 The National Banking Era

The National Banking Act that initially passed in 1863 and was amended in 1864 aimed to

stabilize the banking system and create a network of national banks that were subject to

federal regulations. The newly introduced national banks differed from state banks in many

important ways in this dual-banking system.

First, national bank notes were required by law to have uniform value and be redeemable

at all national banks in addition to the issuing bank. The bank notes were backed 110% by

federal bonds, which made them risk-free. Compared to the volatility and uncertainty in

the value of state bank notes, the stability and convertibility of national bank notes made

them a better medium of exchange.

Second, national banks were subject to more strict federal regulations that were designed

to prevent bank failures. To limit risk-taking behaviors, national banks were encouraged to

make short-term loans and were not allowed to take land as collateral (White, 1998).22 These

restrictions may have limited capital accumulation that would require long-term credit, and

essentially prevented farmers to obtain credit from national banks, given their most valuable

collateral would be farmland. In contrast, state banks were often encouraged to extend

credit to the agricultural sector, and in fact, some states even required a minimum fraction

of loans to farmers (Knox, 1900). In terms of the mechanics of regulatory oversight, the

Comptroller of the Currency required five reports on bank operations per year, whereas

state banks typically reported their balance sheets once or twice a year to state regulators.23

The restrictions in banking business and more rigorous oversight resulted in stability in

national banks — between 1875 and 1890, the average national banks failure rate was about

22In contrast, state banks competed with national banks by imposing weaker restrictions on bank portfolios
(White, 1982).

23See Calomiris and Carlson (2018) for more details on national bank supervision.
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0.25%, compared to 2.5% of state banks.24 The significantly higher state bank failure rate

suggests that state bank liabilities were risky during the time period we study. Table 1.1

provides a summary of some key distinctions between national banks and state banks.

Table 1.1: Comparison of National Banks and State Banks

State banks National banks
Notes various backing backed 110% by federal bonds

! uniform value
Capital requirement low high

! more costly to establish
Monitoring 2 reports/year to state 5 reports/year to OCC

! more oversight
Stability 2.5% failure rate 0.25% failure rate

! more stable
Lending no restrictions high restrictions

! less lending to farms

Notes: Table 1.1 lists key distinctions between national banks and state banks. Bank failure rates are calculated for the period
between 1875 and 1890.

National banks also shared some similarities with state banks. Most importantly, national

banks were prevented from branching and operated both privately and locally. More

specifically, any group of 5 or more people could apply for national bank charter together,

and the National Banking Act explicitly required that at 75% of the directors must have

local residency, limiting their ability to choose locations for bank operation.

To induce state banks’ conversion to national banks, the Treasury collected a 2% tax on

state bank notes, and increased it to 10% in 1865. The tax greatly diminished state bank’s

ability to issue and circulate their bank notes. However, state bank notes were still in use

for decades.25 To compete with national banks, state banks gradually adopted checking

accounts, which helped them to issue bank debt without being taxed. Checking accounts

provided convenience in transactions, but the uncertainty of their value over time and in

more distant places remained — a check could only be cleared when both the status of the

24Data provided by EH.net.

25As of the second half of 1870s, many national banks still report state bank notes outstanding.
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banks and that of the personal account could be verified. 26 As a result, national bank notes

still had significant advantage in facilitating transactions.

Figure 1.3 shows the evolution of the number and total assets of national banks and state

banks from 1863 to 1900. In the aggregate, national banks replaced many state banks in the

first few years after the Act (Jaremski, 2014). They grew similarly in both number and total

size after 1870, especially between mid-1870s and mid-1880s. We therefore focus on national

bank entries during this steady-state growth period in this paper.

In view of the historical context, the National Banking Era provides a unique opportunity

to study the impact of financial intermediaries on growth, and it can shed light on the

real costs stemming from unstable bank liabilities. Although few private banks issue their

own currency in the modern day, the fundamental friction of uncertainty in the value of

monetary instruments can be extended to a large variety of assets that are still used for

transactional purposes.

1.3 Data and Empirical Strategy

In this section, we explain our data sources, sample construction, and the empirical strategy

for identifying national bank entries.

1.3.1 Data sources

In order to study the effects of national bank entry between the mid-1870s to mid-1880s

on outcomes between 1880 and 1890, we combine several historical data sources. Some

examples of the raw sources are shown in Figure 1.4.

First, in order to obtain city- and town-level population, we use the original reports of

the 10th and 11th decennial census. (Figure 1.4(A)) The publicly available digitized census

records report total county-level populations as well as population in areas above 2,500

26Check clearing also caused more pressure on state banks’ reserves, as when checks are deposited and cleared
the issuing bank would immediately lose reserves, whereas bank notes could be used to settle transactions
without immediate demand for the reserve (Briones and Rockoff, 2005).
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Figure 1.3: National and State Banks: (1863-1900)

(A): Number of banks

(B): Total assets by bank type

Notes: Figure 1.3 plots the total numbers and assets of national and state banks in the United States between 1863 and 1900.
Data is obtained from EH.net operated by the Economic History Association.

people, but the city- and town-level population data are only available in the original census

reports. We therefore manually collected this data on towns and cities.

Second, we use two sources for bank location information. The national bank location
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Figure 1.4: Exhibits of Data Sources

(A): Decennial Census: 1880 and 1890

(B): Annual Report of the Comptroller of Currency (1875)

(C): The Banker’s Almanac and Register (1885)

(D): Zell’s Business Directory (1875 and 1887)

Notes: Figure 1.4 displays screenshots of data sources that require hand-digitization used in this study. Figure 1.4(A) shows
the town-level population data source, 1.4(B) shows an example from the 1875 Annual Report of the Comptroller of the
Currency, where banks reported their location and balance sheet conditions. 1.4(C) shows bank location information from
the Banker’s Almanac and Register in 1885, and 1.4(D) displays example for local business data.
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data in 1875 is obtained from the Annual Report of the Comptroller of Currency shown in

Figure 1.4(B). Locations of national banks in 1885 are obtained from The Banker’s Almanac and

Register of 1885. As we can see from Figure 1.4(C), it provides detailed location information

for national banks, as well as state banks and private bankers.

We consider three sets of outcomes. The first set is from the decennial Census of

Manufactures and the Census of Agriculture from 1860 to 1900.27 We retrieve output, input,

as well as capital for both sectors in each county, and we obtain per capita measures by

dividing these values by the total number of male laborers above the age of 21. We focus on

per capita measures because county boundaries evolved as new counties were incorporated

throughout the 19th century, and therefore total production values could be measured

incorrectly.28 In addition, we choose adult male laborers as denominator for two reasons.

First, employment by sector was subject to inconsistent reporting both within and across

census years (Carter and Sutch, 1996). Scaling outcomes by the number of adult male

population therefore allows us to better compare production outcomes between and across

sectors and census years. Second, studying outcomes scaled by the labor force also allows us

to better understand the relative magnitudes of the various components in each sector, such

as capital and inputs. One drawback with the census data is that all values were reported

at the county level. In order to better measure the the effect of national bank entry at the

town level, we use the ratio of town population in our sample to all town population in the

county as analytical weight in all regressions with county-level outcomes.29

Second, we obtain city- and town-level business activities from the Zell’s Classified United

States Business Directory in 1875 and 1887. This directory lists names of all businesses and

professionals in a town (see Figure 1.4(D) for an example), and to the best of our knowledge,

27The Census of Manufacturing does not appear to be available in an easily accessible form for 1910. The
next available census of manufacturing is from 1920, but since that was after both WWI and the establishment
of the Federal Reserve system, we consider it outside the reasonable period of outcomes to study.

28For example, (Hornbeck, 2010) adjusts for farmland size changes.

29The census defined town population as the population residing in towns with above 2,500 people.
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has not been used in prior studies.30 We counted the businesses in the directory associated

with trade-intensive versus not trade-intensive professions for all towns in 1875 and 1887.

Since we lack measures of trade flows between towns, we use the number of commission

merchants as a proxy for local trade activity, and use the number of architects, a profession

that was unlikely to be associated with trade activity, as a placebo occupation. We also

complement the Zell’s with occupational records from the full count censuses of 1880 and

1900.31

Third, we examine the effect on local innovation at the county level using historical

patent data from Petralia et al. (2016). The data provides counts of all patents granted within

counties, which proxy for research and development investments for product differentiation.

Summary statistics for the main variables used in this paper can be found in Table 1.2.

In some specifications, we also control for the number of state banks in a town as well as

the number of railroads in a county prior to the outcome period. The state banks location

data in 1876 is digitized using The Banker’s Almanac and Register of 1876. Data on railroad

access in 1875 and 1880 is obtained from Atack (2016).

1.3.2 Instrument for national bank entry

Our empirical design relies on the differences in regulatory capital requirements imposed

on national banks based on the size of the town in which the bank was chartered to

operate. We study national bank entry between 1875 and 1885, where the variation in

capital requirements were based on population in 1880.32 We focus on capital requirement

differences based on the 1880 census instead of the 1870 one for two reasons. First, some

towns changed names and incorporation status during the Civil War, causing a misalignment

30The 1875 Zell’s Classified United States Business Directory was digitized by the authors from an original copy
in the Boston Public Library. The 1887 directory was obtained from the Baker Business Archives at Harvard
Business School.

31The 1890 full count census was largely lost in a fire, and the full count 1870 census is currently not available.

32The mid-1870s to mid-1880s appears to be a steady-state growth period when the respective growth trends
of national banks and state banks were similar in the aggregate (Figure 1.3).
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Table 1.2: Summary Statistics

Variable Pop1880 2 [4000, 6000] Pop1880 2 (6000, 8000]
Mean Std. Dev. Mean Std. Dev.

Average No. of national banks (1885) 0.4 0.9 0.7 2
Average No. of other financial institutions (1885) 1.1 2.4 1.4 3.2
Average capital (1884, in thousands) 87 48 170 175
Leverage (1884) 3.2 1.0 3.6 1.6
Bank notes per capita (1884) 12.5 10.3 13.6 13.8
Loans per capita (1884) 46.9 35.5 70.3 51.5
Deposit per capita (1884) 37.2 30.3 46.8 31.5
County-level per capita changes (1880:1890):
D Manufacturing production 72.9 163.6 135.6 528.2
D Manufacturing inputs .6 100.6 61.2 445.1
D Manufacturing capital 206.4 179.9 284 308.8
D Agricultural production -25.8 35.1 -23.6 23.3
D Agricultural fixture value -136.5 207.1 -92.70 199.8
D Fertilizers expenditure 0.3 1.0 0.2 1.1
D Commission Merchants (Town-level, 1875-1887) 0 0.52 -0.27 0.93
D Architects(Town-level, 1875-1887) 0.26 0.60 0.41 0.67
% D Buyers and Shippers (County-level, 1880-1900) 0.89 1.19 0.60 0.73
% D Architects(County-level, 1880-1900) 0.75 1.13 0.99 1.68
% D Patents(County-level, 1870s-1880s) 0.53 0.72 1.25 3.12
Number of Observations 126 22

Notes: Table 1.2 presents descriptive statistics of conditions of national bank in the sample as well as main variables used in
the paper. Number of national banks and other financial institutions are obtained from the Banker’s Almanac and Register of
1885, and bank balance sheet data is from the Annual Report of the Comptroller of Currency in 1884. County-level per capita
changes in manufacturing and agricultural sector outcomes are calculated from the decennial Census of Manufacturers and
Census of Agriculture in 1880 and 1890. Outcomes are scaled by number of male population above age 21. Town-level
changes in the number of commission merchants and architects are calculated from the Zell’s Classified United States Business
Directory in 1875 and 1887. County-level percentage changes in buyers and shippers, and architects are calculated from the
full-count census in 1880 and 1900. Percentage changes the number of patents are calculated from historical patent data
assembled by Petralia et al. (2016).

between 1860 and 1870 census, making it difficult to select towns faced the same lower

capital requirements in the 1860s and study national bank entry post 1870. Second, in the

first few years after the enactment of the National Banking Act, many national banks were

formed by conversion from state banks (Jaremski, 2014). These state banks often had large

capital stock even though the official requirements were in general low. As a result, the

capital requirement stipulated by population cutoff only had a weak impact on entries of

national banks in the earlier period.

Specifically, the regulation required that:
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Capital stock paid in �

8
>>>>>><

>>>>>>:

$50, 000 if population 6,000

$100, 000 if 6,000<population50,000

$250, 000 if population > 50,000.

We focus on the cutoff at 6,000 and use the indicator of a town having below 6,000

population as an instrument for bank entry. 33 It is worth noting that the $50,000 difference

in required capital was not trivial for a town in the 1880s: within our sample, it is about

140 times of average manufacturing wage in 1880. In addition, due to the no-branching

rule, bank owners could not apply for a national bank charter in a small town but conduct

business with customers from a large town. Furthermore, the residency requirement on

bank directors also imposed frictions for towns to seek capital outside of the town.

Figure 1.5 shows the distribution of town size for all towns with between 2,000 and

10,000 population in 1880, represented by the uncolored bars. The colored bars represent all

towns with fewer than 6,000 people in 1870 that did not have a national bank as of 1875. The

insufficient mass in the immediate vicinity of the 6,000 cutoff prevents us from taking full

advantage of a regression discontinuity design. We therefore study towns within a slightly

larger population bandwidth — those with 4,000 to 8,000 population in the 1880 census

(represented by the green bars in Figure 1.5).

Selecting towns with fewer than 6,000 residents in 1870 implies that these towns all faced

the same lower entry cost before the publication of the 1880 census. This allows us to use

differences in bank entry cost after the 1880 census to study subsequent bank entries and

economic outcomes, as some of these towns crossed the 6,000 threshold which doubled a

national bank’s entry cost. As an example, consider Town A and Town B, each with 4,000

residents as of the 1870 census. In 1880, Town A grew to a population of 5,000, whereas

Town B grew to 7,000 people. Without the capital requirement, the larger population in

33Gou (2016), Fulford (2015), and Carlson et al. (2018) also use such variations in capital requirements in their
respective work.
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Figure 1.5: Histograms of Town Population in 1880
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Notes: Figure 1.5 plots the frequency of all towns with 2,000 to 10,000 population in 1880 census (labeled “All"), as well as
after restricting the sample to having below 6,000 population in 1870 and not having a national bank in 1875 (green and
yellow bars). The green bars labeled “Sample" show 1880 population distribution. All town population data is digitized by
the authors from the original census reports.

Town B would likely cause it to have higher demand for banking services. However, the

capital requirement imposed a bank entry cost on Town B that was significantly higher than

that of Town A.

The location distribution of towns in our sample is shown in Figure 1.6. Figure 1.6(A)

separately indicates towns that had populations between 4,000 and 6,000 and those between

6,000 and 8,000 as of 1880. The map shows that our sample contains more towns in the

northeast, and fewer in the south and the west. Figure 1.6(B) labels the towns that gained at

least one national bank between 1875 and 1885 versus those that did not gain a national

bank during this period. Figure 1.7 shows the location distribution of all national banks in

1885.
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Figure 1.6: Maps of Towns in the Sample

(A): Towns in the sample

(B): Newly added national banks

Notes: Figure 1.6 maps the locations of towns in the sample. Panel A plots all towns in the sample above versus below the
6,000 population threshold. Panel B plots the locations of newly added national banks in our sample.

1.3.3 Pre-period balance

The identifying assumption for our instrument to be valid is that the towns were similar

in other respects except for likelihood of bank entry. We address this concern in two ways.

First, focusing on a relatively narrow population bandwidth around the 6,000 cutoff partly
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Figure 1.7: Distribution of National Banks in 1885

Notes: Figure 1.7 plots the location distribution of all national banks as of 1885. Each area represents a county. The white
areas did not have a national bank as of 1885, and the lighter to darker shades represent 1-3, 4-20, and 21 or more national
banks within the county.

addresses the concern that the towns were not comparable. Second, we provide evidence

that the average observable characteristics of towns in our sample are not significantly

different as of 1880 except for in population. Panel A of Table 1.3 shows that the average

difference in 1880 population between the two groups of towns is about 2,100, and the

difference is mostly driven by larger population growth from 1870 to 1880. The number

of state banks in these towns, number of railroads in 1875 and 1880, as well as log market

access cost in 1870 (calculated by Donaldson and Hornbeck (2016)) are all similar for the

two sets of towns. Furthermore, average manufacturing and agricultural production, capital,

as well as number of establishments were not different between these places, as shown in

Panels B and C of Table 1.3.

The significant differences in population growth from 1870 to 1880 between the larger

and smaller towns might raise the concern that crossing the 6,000 cutoff in 1880 may be

correlated with later outcomes through non-bank channels. For example, places that rapidly

expanded in the previous decade could continue to grow faster due to agglomeration effects.
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Table 1.3: Pre-period Covariate Balance

Panel A: Covariate balance
All Pop in [4k,6k] Pop in (6k,8k] Diff

Population in 1870 3970.9 3881.3 4484.1 602.8
(1095.4) (1032.5) (1315.0) (0.02)*

Population in 1880 5059.9 4743.6 6871.5 2128.0
(924.6) (526.9) (541.4) (0.00)***

D Population(1870:1880) 1089.0 862.2 2387.5 1525.2
(1182.6) (1055.7) (1039.8) (0.00)***

No. of state banks in 1876 0.6 0.6 0.8 0.2
(1.0) (1.0) (1.0) (0.49)

No. of railroads (1875) 4.4 4.5 3.9 -0.5
(2.7) (2.6) (3.0) (0.39)

No. of railroads (1880) 5.2 5.3 4.6 -0.7
(2.9) (2.8) (3.2) (0.31)

Log market access cost (1870) 15.8 15.8 15.8 -0.1
(0.5) (0.5) (0.5) (0.53)

N 148 126 22 148

Panel B: Covariate balance (census outcomes in 1880)
All Pop in [4k,6k] Pop in (6k,8k] Diff

Manufacturing, production (1880) 625.5 613.4 694.6 81.1
(458.2) (445.7) (530.7) (0.45)

Manufacturing, capital (1880) 372.4 369.0 391.9 22.9
(278.6) (277.0) (293.8) (0.72)

Manufacturing, establishments (1880) 23.9 24.2 22.2 -2.0
(8.5) (8.2) (10.0) (0.30)

Agriculture, production (1880) 148.4 152.3 126.5 -25.8
(89.8) (91.9) (74.9) (0.22)

Agriculture, capital (1880) 31.7 32.6 26.5 -6.1
(19.2) (19.6) (16.3) (0.17)

Agriculture, establishments (1880) 230.1 232.9 213.8 -19.1
(126.6) (127.5) (122.7) (0.51)

N 148 126 22 148

Panel C: Covariate balance (census outcomes in 1870)
All Pop in [4k,6k] Pop in (6k,8k] Diff

Manufacturing, production (1870) 662.7 666.7 640.3 -26.3
(500.9) (511.4) (446.7) (0.82)

Manufacturing, capital (1870) 347.4 349.9 333.1 -16.8
(273.7) (281.7) (228.1) (0.79)

Manufacturing, establishments (1870) 30.4 31.0 26.8 -4.2
(11.5) (11.1) (13.5) (0.11)

Agriculture, production (1870) 230.4 237.4 191.2 -46.1
(133.7) (135.4) (118.6) (0.14)

Agriculture, capital (1870) 37.3 38.8 28.6 -10.2
(24.9) (25.4) (19.8) (0.08)

Agriculture, establishments (1870) 220.2 222.2 208.7 -13.5
(125.1) (124.0) (133.4) (0.64)

N 147 125 22 147

Notes: Table 1.3 compares the average characteristics of towns above versus below the 6,000 cutoff in or before 1880. The first
column shows the means (and standard deviations in parentheses) for each variable for All towns in our sample. The second
and third columns restrict the sample to places with 4,000 to 6,000 population in 1880 census and 6,000 to 8,000, respectively.
The last column shows the differences in means (and p-values in parentheses) on balance t-tests between the two samples.
All values for census outcomes are per-capita based on the male population above age 21. * p<0.1, ** p<0.05, *** p<0.01.
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We therefore control for population changes between 1870 and 1880 to account for a town’s

overall growth trajectory in our analysis as in Carlson et al. (2018). For robustness, we also

control for the number of state banks in a town as of 1876 and the number of railroads in

1875 or 1880 in some specifications. The number of state banks could proxy for a town’s

overall financial conditions before the outcome period, and the number of railroads could

proxy for the area’s overall transportation development. Both factors could also be important

determinants for a place’s future economic development.

1.3.4 First stage results

We show that our instrument is relevant for national bank entry through the first stage

regression:

(National Bank)i,s = b ⇥ (Pop1880 < 6000)i,s + G0Xi,s + hs + ei (1.1)

for town i in state s. (National Bank)i,s is an indicator variable for having at least one

national banks in the town as of 1885, and (Pop1880 < 6000)i,s is an indicator variable

for having a town population below 6,000 in 1880 census. Xi,s denotes town characteristics

— population changes between 1870 and 1880, and in some specifications, the number of

railroads in 1875 and the number of state banks in 1876. hs denotes state fixed effects.

Results presented in Panel A of Table 1.4 indicate that having population below 6,000 in

1880 is strongly associated with the likelihood of obtaining a national bank in 1885. This

positive relationship is robust to controlling for railroad access and number of state banks

in the towns. The point estimate suggests that the lower regulatory capital requirement

is associated with roughly a 30% higher chance of having a national bank. Although

conversion from state banks to national banks was concentrated in the years between 1863

and 1866, the statistically significant relationship between the number of state banks in a

town in 1876 and having a national bank in 1885 suggests the likelihood that some national

banks in our sample had been converted from state banks.

The relevance of the instrument for national bank entry can be further demonstrated
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Table 1.4: First Stage Regressions

Panel A: First stage regressions with the regulatory population cutoff at 6,000
1(National Bank)

(1) (2)

1(pop<6k) 0.305*** 0.286***
(0.104) (0.0997)

D Pop(1870:1880) 0.000135*** 0.000133***
(0.0000354) (0.0000341)

No. of railroads (1875) -0.00349
(0.0159)

No. of state banks (1876) 0.137***
(0.0398)

State FE Y Y
Adj. R2 0.229 0.289
N 148 148

Panel B: First stage: alternative cutoffs
(1) (2) (3) (4) (5)
5000 5500 6000 6500 7000

Population Cutoff 0.0646 0.103 0.305*** 0.219* 0.209
(0.0729) (0.0922) (0.104) (0.113) (0.147)

D Pop(1870:1880) 0.0000964*** 0.000104*** 0.000135*** 0.000107*** 0.000100***
(0.0000348) (0.0000364) (0.0000354) (0.0000336) (0.0000336)

State FE Y Y Y Y Y
Adj. R2 0.180 0.183 0.229 0.199 0.188
N 148 148 148 148 148

Notes: Panel A of Table 1.4 presents results from the first stage regressions: xt = a + b ⇤ 1(Pop1880 < 6000) + Zt + et where
xt is either an indicator of gaining at least one national bank, or the number of national banks. Panel B presents results of
the first stage regression using indicator of having at least one national banks in 1885 as dependent variable, and various
population cutoffs as the RHS variable. * p<0.1, ** p<0.05, *** p<0.01.

using falsification tests with alternative population cutoffs near the 6,000 threshold. These

falsification tests address the concerns that national banks tended to establish in smaller

and maybe younger towns due to expectations for higher future growth. We show that

the strong first stage results are unlikely to be induced by factors other than the capital

requirements in the National Banking Act, as indicated by results presented in Panel B of

Table 1.4.
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Figure 1.8: Conditional Covariates Balance
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Notes: Figure 1.8 displays unstandardized coefficients on the indicator of having below 6,000 population in 1880 for various
outcomes Yi,s (production, capital and number of establishments/farms) from the regression Yi,s = a + b1(pop < 6, 000)i,s +
Dpopi,s + gs + ei,s for town i in state s. The darkest shades represent 90% confidence intervals and the lightest shades
represent 99% confidence intervals.

Next, we show that pre-period observable characteristics were not sorted by the popu-

lation cutoff at 6,000, conditional on population growth and state fixed effects. Figure 1.8

plots unstandardized coefficients from the regression

Yi,s = b ⇥ (Pop1880 < 6000)i,s + Dpopi,s + hs + ei, (1.2)

where Yi,s denotes various county-level outcomes from the Census of Manufacturers and

Census of Agriculture in the periods 1870 and 1880, railroad access in 1875 and 1880,

market access cost in 1870, as well as the town-level number of state banks in 1876. The

number of state banks in 1876 and railroad access in 1875 and 1880 could be considered

proxies of general conditions of a place’s financial development and market access, which

could influence growth potential in later decades. Similarly to Table 1.3, towns that

were above or below the 6,000 cutoff did not have significant differences in all of these

characteristics. Moreover, changes in per capita manufacturing and agriculture production,
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capital and number of establishments from 1870 to 1880 were also not significantly different.

Similarity in all these observable characteristics provides reassuring evidence that our

instrumental variable constructed from population cutoff does not correlate with local

economic conditions prior to national bank entries.

Table 1.5: Alternative Sample Periods for First Stage Regressions

1(National Bank)

(1) (2)

1(pop<6k) 0.185** 0.274***
(0.0904) (0.0848)

D Pop(1870:1880) 0.000109*** 0.000116***
(0.0000330) (0.0000299)

State FE Y Y
Start Year 1873 1877
End Year 1883 1887
N 155 147

Notes: 1.5 presents first stage results with alternative sample periods. The first column shows national bank entry likelihood
between 1873 and 1883, and the second between 1877 and 1887. In both samples, town population was below 6,000 in
1870, and between 4,000 and 8,000 in 1880. Additionally, there was no national bank as of the start year (1873 and 1877,
respectively).

The relationship between the population cutoff at 6,000 and bank entry remains robust

in wider population ranges around the 6,000 cutoff. We choose the more conservative

sample size for our main results since a greater population window raises concerns about

comparability between the larger and smaller places. In addition, our first stage results

are also robust to selecting a base year before the 1880 census and end-year after the 1880

census, and in Table 1.5 we provide two examples for periods between 1873 and 1883, and

between 1877 and 1887. Furthermore, we present evidence in Figure 1.9 that national bank

entries did not cluster in years right before the 1880 census was published, both in our

sample and in the aggregate. In sum, national banks did not appear to have entered to a

towns due to anticipation of their higher future growth, but bank entries were significantly

affected by the population-based instrument.
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Figure 1.9: Timing of Entry

(A): New National Banks in Sample
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Notes: Panel A of Figure 1.9 shows number of new national banks in our main sample before or after census publication year,
and whether population in 1880 census crossed the 6,000 threshold. Panel B shows coefficients and standard error bars of
coefficients on year dummy variables from the following regression: NumberNewBankss,y = by ⇤ 1(year = y) + gs ⇤ 1(state =
s) + es,y.

1.4 Results

In this section, we present the results on how access to national banks impacted the local

economy. We start by studying changes in the agricultural sector, as national banks provided
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limited lending to farmers due to their inability to extend loans collateralized by farmland.

This condition provides us an ideal setting to fully explore the impact of stable bank

liabilities on local economic development.

1.4.1 Changes in the agriculture sector

Agriculture was a growing sector in the late 19th century, especially in the west. On

one hand, the rapid expansion of the railroad network reduced transportation costs of

agricultural products (Donaldson and Hornbeck, 2016); on the other hand, national banks

provided limited credit to farmers due to their inability to take farmland as loan collateral.

This lending restriction likely limited farmers’ ability to acquire new farmland or improve

their current property (Fulford, 2015; Knox, 1900).

We focus on the one-period difference in county-level agricultural outcomes per capita

between 1880 and 1890 and estimate:

DYi,s = be(National Bank) + G0Xi,s + hs + # i,s (1.3)

for town i in state s. e(National Bank) is an indicator of having at least one national bank in

1885, instrumented by the indicator of a town’s population being below the cutoff at 6,000.

b is the main coefficient of interest, which measures the change of the output response

to having a national bank. Xis is a vector of control variables, and hs denotes state fixed

effects, which capture certain state-level characteristics that could affect manufacturing

production growth such as state tax or subsidy for agricultural production. Time-invariant

characteristics of the counties are subsumed by the differences. The outcome variables of

interest are calculated as per capita based on the male population above the age of 21.

We study three outcomes — agricultural outputs, value of land and fixtures (fences and

buildings), as well as expenditure on fertilizers per capita. Changes in agricultural outputs

are useful in gauging national banks’ overall impacts on the agriculture sector. To better

disentangle the various effects of national banks, we use changes in the value of farmland

and fixtures as a proxy for the access to long-term credit, which was usually granted over
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a longer period on mortgage security (Pope, 1914). In contrast, credit for expenditure

on fertilizers is considered as “working capital," as fertilizers were common inputs in the

agricultural production. Therefore, fertilizers expenditure is a proxy for short-term credit

accessibility. One additional advantage to study changes in fertilizers expenditure is that

commercial fertilizer was first introduced in the 1840s, which was long before our sample

period. Therefore, differences in the adoption of fertilizers was unlikely due to factors such

as access to new innovation or information.

We find that none of agricultural production, farm’s land and fixture value, or fertilizer

expenditure was affected by national banks, as shown in Table 1.6. The results are consis-

tent with national bank’s limited provision of long-term credit for agricultural expansion

and improvement on mortgage security. The insignificant results on changes in fertilizer

expenditure further indicate that national banks did not play a significant role in short-term

credit provision for agricultural inputs either. One possible explanation is that farmers did

not have strong relationships with national banks because of the lending restrictions, and it

also prevented them from taking out short-term loans from national banks.

Although total agricultural production was unaffected by entries of national banks, we

show in Table 1.7 that production shifted significantly from non-traded crops to traded

crops. “Traded crops" are defined as crops that were exchanged on the Chicago Board of

Trade, which include wheat, oats, buckwheat, and Indian corn. In 1880, non-traded crops

were only about 9.4% of total production, because American agricultural products exports

increased greatly in the last quarter of the 19th century (Pope, 1914). The point estimates in

Column 5 and 6 mean that 75% or all of production shifted from non-traded crops towards

traded crops.

While we cannot completely rule out the possibility that traded crops were more capital-

intensive in some ways, the insignificant impact of national bank entries on both long-term

and short-term credit obtained by farmers indicates that bank lending played little role in the

agriculture sector in our sample overall.34 The results provide evidence that national banks

34Fulford (2015) finds that national banks positively affected agricultural sector production through providing
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Table 1.6: National Banks and Local Agricultural Sector (1880-1890)

Panel A: Changes in agricultural production outputs per capita
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) -11.36 -3.316 -9.331 3.708
(7.140) (7.816) (19.33) (24.90)

1(pop<6k) -4.097 1.253
(9.396) (9.280)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. -25.48 -25.48 -25.48 -25.48 -25.48 -25.48
Std. Dev. of Dep. Var. 33.54 33.54 33.54 33.54 33.54 33.54
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Panel B: Changes in farmland value per capita
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 12.46 -4.666 37.25 32.21
(32.40) (35.33) (87.91) (112.7)

1(pop<6k) 16.36 10.89
(42.25) (41.91)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. -130.0 -130.0 -130.0 -130.0 -130.0 -130.0
Std. Dev. of Dep. Var. 205.9 205.9 205.9 205.9 205.9 205.9
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Panel C: Changes in expenditure on fertilizers per capita
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 0.269 0.0279 0.185 -0.164
(0.243) (0.270) (0.659) (0.860)

1(pop<6k) 0.0812 -0.0554
(0.319) (0.321)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. 0.276 0.276 0.276 0.276 0.276 0.276
Std. Dev. of Dep. Var. 1.030 1.030 1.030 1.030 1.030 1.030
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Notes: Table 1.6 presents results from OLS, reduced form, as well as IV estimates. Dependent variable is changes in agricul-
tural production, value of farmland and fixtures (fences and buildings), and expenditure on fertilizers per capita between
1880 and 1890. Control variables include number of state banks in a town as of 1876, as well as number of railroads in 1880.
Regressions are weighted by share of town population in the sample in 1880.* p<0.1, ** p<0.05, *** p<0.01.
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Table 1.7: National Banks and the Shift in Agricultural Production

OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) -0.0167* -0.0247** -0.0710*** -0.102***
(0.00856) (0.00949) (0.0267) (0.0375)

1(pop<6k) -0.0312*** -0.0345***
(0.0110) (0.0111)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Fractions in 1880 0.0943 0.0943 0.0943 0.0943 0.0943 0.0943
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Notes: Table 1.7 presents results from the OLS, reduced form, and IV estimates of the effects of national banks on changes
in the fractions of non-traded crops to total crops measured in bushels between 1880 and 1890. All columns include town
population changes between 1870 and 1880 as a control variable. Additional control variables include the number of state
banks in town as of 1876 and number of railroads as of 1880. Regressions are weighted by share of town population in the
sample in 1880. * p<0.1, ** p<0.05, *** p<0.01.

may have impacted production decisions through providing more secure bank liabilities

that facilitated transactions and trade. The shift towards traded crops production is also

consistent with our finding on increased trade activity following national banks’ entry.

1.4.2 Trade activity

We provide further evidence on the positive effect of national bank entry on local trade

activity with both town- and county-level outcomes in this subsection.

Growth in trade-related occupations

We capture inter-regional trade flows by proxying it with trade-related occupations.35

Commission merchant was a profession that sourced products from one place and sold at

another. The merchants did not directly participate in production, but simply profited by

facilitating trade and sales. Therefore, the number of commission merchants in a town can

serve as an indicator of the volume of products sourced from potentially distant areas. We

working capital and liquidity in rural counties. Our samples may have little overlap as we use town-level
population instead of county-level population for identification.

35There was no official domestic trade flow statistics in the 19th century United States.
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examine changes in town-level number of commission merchants, collected from the Zell’s

Classified United States Business Directory in 1875 and 1887.

Table 1.8: National Banks and Local Business (Town-Level)

Panel A: Changes in the number of commission merchants
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 0.0624 0.189 1.278** 1.447**
(0.137) (0.141) (0.624) (0.650)

1(pop<6k) 0.390** 0.413***
(0.159) (0.156)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Average No. in 1875 0.135 0.135 0.135 0.135 0.135 0.135
N 148 148 148 148 148 148
KP F-stat 8.676 8.212

Panel B: Changes in the number of architects (placebo test)
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 0.0126 0.0302 0.193 0.201
(0.119) (0.125) (0.427) (0.453)

1(pop<6k) 0.0590 0.0573
(0.142) (0.142)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Average No. in 1875 0.00676 0.00676 0.00676 0.00676 0.00676 0.00676
N 148 148 148 148 148 148
KP F-stat 8.676 8.212

Notes: Table 1.8 presents results from the OLS, reduced form, and IV estimates of the effect of national banks entries on
changes in number of trade-related business (commission merchants) and local-oriented business (architects). Changes are
from 1875 to 1887. All columns include town population changes between 1870 and 1880 as a control variable. Additional
control variables include the number of state banks in town as of 1876 and number of railroads as of 1875. Regressions are
equal-weighted. * p<0.1, ** p<0.05, *** p<0.01.

We estimate the baseline Equation 1.3 to study the effect of gaining national banks

on local trade activity by replacing the outcome variable to the changes in the number of

commission merchants in a town between 1875 and 1887. Results are reported in Table

1.8. The IV estimates in Columns 5 and 6 of Panel A suggest that gaining a national bank

between 1875 and 1885 is associated with 1.3 to 1.5 more commission merchants within a

town in 1887. The effect is large compared to the mean of 0.14 in 1875. As a placebo test,

we also analyze the relationship between national bank entries and changes in the number
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of architects — a profession that was likely to operate locally. we find no effect of national

banks in all specifications, as shown in Table 1.8 Panel B.

To complement our analysis with the business directory data, we also use the full count

census of 1880 and 1900 which contains more occupation categories. We contrast growth in

trade-related workers (buyers and shippers) to occupations that were unlikely to be affected

by trade (architects, doctors, and teachers).36 As before, we scale the number of workers

in these occupations by county-level male population above the age of 21. The outcome

variables are the growth rates in shares of the occupations as outcome variables.

We find that gaining a national bank positively impacted trade activity at the county

level. Gaining a national bank led to 1.6 to 1.7 times higher changes in the share of buyers

and shippers between 1880 and 1900, as shown in Panel A of Table 1.9. We again find no

significant impact of national banks on changes in the share of architects as shown in Panel

B of Table 1.9. More placebo test results using growth in shares of doctors and teachers can

be found in Table 1.10.

Both town-level and county-level results show that gaining access to national banks led to

more trade-related activity. The evidence is consistent with national bank’s ability to provide

more secure bank liabilities that could facilitate transactions with distant counterparties. The

lower transactions frictions with national bank currencies may have propelled manufacturing

sector growth by eliminating nominal price risks in sourcing inputs from and selling outputs

to more locations, and providing local manufacturers greater access to inputs and outputs

markets. However, we do not rule out national banks’ impact on trade activity through

the traditional lending channels. In fact, the significant greater change in manufacturing

inputs per capita following national bank entry provides evidence that national banks likely

provided short-term credit to the manufacturers. The short-term credit could also have been

used for trade finance, which would also lead to increased local trade activity.

36The full count census of 1890 was lost in a fire.
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Table 1.9: National Banks and Local Business (County-Level)

Panel A: Percentage changes in share of buyers and shippers
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) -0.213 -0.158 1.583* 1.727*
(0.261) (0.274) (0.835) (0.883)

1(pop<6k) 0.556** 0.574**
(0.269) (0.270)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. 0.850 0.850 0.850 0.850 0.850 0.850
Std. Dev. of Dep. Var. 1.139 1.139 1.139 1.139 1.139 1.139
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Panel B: Percentage changes in share of architects (placebo)
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) -0.0157 0.123 -0.548 -0.478
(0.305) (0.314) (0.839) (0.870)

1(pop<6k) -0.192 -0.159
(0.319) (0.315)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. 0.788 0.788 0.788 0.788 0.788 0.788
Std. Dev. of Dep. Var. 1.221 1.221 1.221 1.221 1.221 1.221
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Notes: Table 1.9 presents results from the OLS, reduced form, and IV estimates. Dependent variables in Panel A and B are
percentage changes in shares of buyers and shippers, and architects, among males above 21 years old from 1880 census
to 1900 census, respectively. All columns include town population changes between 1870 and 1880 as a control variable.
Additional control variables include the number of state banks in town as of 1876 and number of railroads as of 1880.
Regressions are weighted by share of town population in the sample in 1880. * p<0.1, ** p<0.05, *** p<0.01.

Complementary evidence from prices

We also provide some complementary evidence on how national banks may have reduced

transactions costs by comparing price changes in “trade-sensitive" goods versus “local"

goods following national bank entry. Sellers of traded products had to bear the price risk

associated with the uncertain currency values between their towns and the towns where

they sourced the products. Therefore, price uncertainty was likely to drive up costs, leading

to higher sale prices locally. On the other hand, selling locally produced goods did not

involve transactions with non-local bank notes.
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Table 1.10: National Banks and Local Business (County-Level) – Placebo Tests

Panel A: Percentage changes in share of doctors
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) -0.0113 0.0147 0.0654 0.0872
(0.0323) (0.0329) (0.0899) (0.0918)

1(pop<6k) 0.0229 0.0290
(0.0338) (0.0330)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. -0.132 -0.132 -0.132 -0.132 -0.132 -0.132
Std. Dev. of Dep. Var. 0.154 0.154 0.154 0.154 0.154 0.154
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Panel B: Percentage changes in share of teachers
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 0.0305 -0.0278 -0.0400 -0.0835
(0.0795) (0.0816) (0.217) (0.224)

1(pop<6k) -0.0140 -0.0278
(0.0832) (0.0820)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. -0.0513 -0.0513 -0.0513 -0.0513 -0.0513 -0.0513
Std. Dev. of Dep. Var. 0.417 0.417 0.417 0.417 0.417 0.417
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Notes: Table 1.10 presents results from the IV estimates as well as reduced form estimates. Dependent variables in Panel A
and B are percentage changes in shares of doctors and teachers among males above 21 years old from 1880 census to 1900
census, respectively. Regressions are weighted by share of town population in the sample in 1880. * p<0.1, ** p<0.05, ***
p<0.01.

We collected data on the price of tea, New Orleans molasses, and starch from 1864 to

1880 in 9 towns from the supplementary reports on The Average Retail Prices of Necessaries

of Life in Statistics of Wages published by the census office in 1886. These 9 towns had their

first national banks between 1866 and 1878. We categorize tea and New Orleans molasses

as “trade-sensitive" goods, as they were either imported and distributed from the ports, or

produced specifically in New Orleans. Starch, on the other hands, is categorized as “local"

good as it was likely to be locally produced from corn.

We find that the price of tea and New Orleans molasses dropped significantly with the

access to national banks, whereas the price of starch was not impacted. As shown in Table
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Table 1.11: Price Levels and Existence of National Banks

(1) (2) (3)
Price of Tea Price of Molasses Price of Starch

1(National Bank) -0.294*** -0.250*** -0.0105
(0.0844) (0.0651) (0.00775)

Year FE Y Y Y
Pre-NB Mean 1.238 1.120 0.120
N 115 105 117
Adj. R2 0.229 0.350 0.147

Notes: Table 1.11 presents results from estimating Pit = a + b1(National Bank)it + gt + #it for tea, New Orleans molasses,
and starch in 9 towns over 1864 to 1880. The first years of having at least one national bank in these town range from 1866
to 1878. Standard errors are clustered by year. *** p<0.01, ** p<0.05, * p<0.1.

1.11, the price of tea dropped by about 30 cents after the towns had national banks, relative

to the average price of $1.2 per pound (a 25% drop ). Similarly, the price of New Orleans

molasses dropped by about 25 cents per gallon from $1.1 per gallon (a 23% drop).

The results suggest that national banks may have helped to reduce transaction cost by

providing a stable medium of exchange, and therefore positively impacted trade-intensive

economic activity.

1.4.3 Growth in the manufacturing sector

Having shown that national bank entry led to increased local trade activity, we turn to

study the effect of national banks on the production in the manufacturing sector, since

manufacturing outputs are considered as tradable products. We examine whether the

gaining a national bank also led to higher manufacturing production as well as the possible

driving forces.

We find that national bank entry led to economically and statistically significant higher

growth in manufacturing production per capita between 1880 and 1890 even though we do

not focus on the “manufacturing belt" states as in Jaremski (2014) and Carlson et al. (2018).

We estimate the main specification in Equation 1.3 using differences in manufacturing

production per capita as the outcome variable. The IV estimates from Table 1.12 show

that gaining a national bank led to about $229 to $310 higher growth in manufacturing
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production per capita, which are about $6,360 to $8,620 in 2018 dollars. The average effect is

50% of the average of pre-period levels in 1880, which is very economically significant.

Table 1.12: National Banks and Growth in Manufacturing Production

Panel A: Changes in manufacturing production per capita
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 39.87 57.43 228.5** 310.0**
(32.97) (36.16) (100.4) (136.0)

1(pop<6k) 100.4** 104.8**
(42.28) (42.29)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. 82.21 82.21 82.21 82.21 82.21 82.21
Std. Dev. of Dep. Var. 251.2 251.2 251.2 251.2 251.2 251.2
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Panel B: Changes in manufacturing production per capita — subsamples
OLS RF IV OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 56.13 312.0** 76.35* 386.3**
(39.56) (123.2) (38.64) (171.1)

1(pop<6k) 140.0*** 114.9**
(50.78) (44.38)

State FE Y Y Y Y Y Y
Controls Y Y Y Y Y Y
Same Treatment in County Y Y Y
Excluding CA and PA Y Y Y
Mean of Dep. Var. 98.33 98.33 98.33 80.44 80.44 80.44
Std. Dev. of Dep. Var. 260.4 260.4 260.4 258.6 258.6 258.6
N 123 123 123 139 139 139
KP F-stat 12.55 7.987

Notes: Table 1.12 presents results from OLS, reduced form, as well as IV estimates. Dependent variable is changes in
manufacturing production per capita between 1880 and 1890. All columns include town population changes between 1870
and 1880 as a control variable. Additional control variables include the number of state banks in town as of 1876 and number
of railroads as of 1880. Regressions are weighted by share of town population in the sample in 1880. In Panel B, Column 1-3
report results on counties where either all towns in sample are above or below the 6,000 cutoff. Column 4-6 report results
on all states except for California and Pennsylvania. * p<0.1, ** p<0.05, *** p<0.01.

The smaller and statistically insignificant OLS estimates reported in Column 1-2 in Panel

A indicate that national banks did not selectively enter into high-growth places. There may

be two reasons why this was the case. First, location selection was greatly limited by the

residence requirement for national bank’s directors. The National Banking Act required
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that a national bank must have at least 5 directors, and at least 75% of them must have

resided locally. This residence requirement generated frictions in selecting locations for

bank operation, such that places that would likely benefit the most from national banks may

not have suitable directors for them. Second, even in this later period, some national banks

may have been converted from state banks. Since state banks were known to lend more to

farmers (Knox, 1900), places with more state banks previously might have had a relatively

underdeveloped manufacturing sector. As a result, there would be no significant effect of

national banks on subsequent manufacturing growth overall.

Having established the main effects on manufacturing production per capita, we repeat

the same analysis on two different subsamples to demonstrate robustness. The first sub-

sample excludes all counties that had towns both above and below the 6,000 cutoff, and the

second subsample excludes California and Pennsylvania. Results are shown in Panel B of

Table 1.12.

The purpose for using the first subsample is to facilitate interpretation of the magnitude

of the point estimates. There are a few counties containing both towns above and below the

6,000 cutoff, and using per capita manufacturing production calculated with county-level

data could be less interpretable for these counties. As shown in Columns 1-3, after excluding

these places, we still find a significant increase in manufacturing production per capita of

similar magnitude to the baseline results.

The second subsample addresses concerns that changes in town size and growth were

both due to gold rushes and discoveries of coal mines in each state, respectively. Gold

rushes and new discoveries of coal mines were unlikely an important factor in our results.

There were only a few gold rushes in the late 19th century United States compared to earlier

of the century, and the coal industry was already relatively mature. Between 1870 and 1890,

only the late 1870s Bodie Gold Rush in California (Sprague, 2011) and discovery of coking

coal in the Connellsville region of southwestern Pennsylvania37 could have impacted places

in our sample. Results from Column 4-6 suggest that excluding towns in California and

37Source: https://eh.net/encyclopedia/the-us-coal-industry-in-the-nineteenth-century-2/
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Pennsylvania has little impact on the main results.

Table 1.13: Robustness Tests: National Banks and Growth in Manufacturing Production

Panel A: Scaling production by male labor between 18-44 in age
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 63.12 89.92* 375.2*** 509.7**
(45.77) (50.25) (145.4) (200.3)

1(pop<6k) 164.8*** 172.2***
(58.27) (58.34)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. 108.0 108.0 108.0 108.0 108.0 108.0
Std. Dev. of Dep. Var. 320.1 320.1 320.1 320.1 320.1 320.1
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Panel B: Inflation-adjusted manufacturing production per capita
OLS RF IV OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 52.66 254.9** 81.31* 421.4**
(35.57) (127.1) (48.69) (183.1)

1(pop<6k) 86.14** 142.4**
(41.86) (56.98)

State FE Y Y Y Y Y Y
Controls Y Y Y Y Y Y
Scaled by Males above 21yrs Y Y Y
Scaled by Males between 18-44yrs Y Y Y
Mean of Dep. Var. 151.0 151.0 151.0 201.5 201.5 201.5
Std. Dev. of Dep. Var. 252.9 252.9 252.9 318.1 318.1 318.1
N 148 148 148 148 148 148
KP F-stat 10.68 10.68

Notes: Table 1.13 presents results from OLS, reduced form, as well as IV estimates. Dependent variable is changes in
manufacturing production per capita between 1880 and 1890. Control variables include number of state banks in a town as
of 1876, as well as number of railroads in 1880. Regressions are weighted by share of town population in the sample in 1880.
* p<0.1, ** p<0.05, *** p<0.01.

We also report more robustness and placebo test results here. Results reported in Table

1.13 show that our main results are robust to alternative definition of labor force and inflation

adjustment. In Panel A of Table 1.13, we calculate manufacturing production per capita by

scaling production by male population between 18-44 years old, or the “prime-age" male

labor. In Panel B, we adjust 1880 production value to 1890 dollars. Reliable CPI series was

only published after the establishment of the federal reserve system in 1913, however, based

on a limited price index, the Bureau of Labor Statistics estimates that there was about 10%

44



deflation between 1880 and 1890.38

Table 1.14: Placebo Test: National Banks and Local Manufacturing Sector (1870-1880)

OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) -48.69 -32.18 -61.85 -51.20
(39.71) (41.69) (140.4) (148.9)

1(pop<6k) -18.97 -14.69
(47.49) (47.37)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. -36.30 -36.30 -36.30 -36.30 -36.30 -36.30
Std. Dev. of Dep. Var. 217.9 217.9 217.9 217.9 217.9 217.9
N 147 147 147 147 147 147
KP F-stat 8.686 8.215

Notes: Table 1.14 presents results from OLS, reduced form, as well as IV estimates. Dependent variable is changes in
manufacturing production per capita between 1870 and 1880. Control variables include number of state banks in a town as
of 1876, as well as number of railroads in 1880. Regressions are weighted by share of town population in the sample in 1870.
* p<0.1, ** p<0.05, *** p<0.01.

We also conduct a set of pre-period placebo tests using changes in manufacturing

production per capita from 1870 to 1880 as the outcome variable, and results are reported in

Table 1.14. We find no evidence that gaining a national bank between 1875 and 1885 had

an impact on manufacturing growth in the 1870s, which further rules out the possibility of

pre-trend in growth having simultaneous effects on town size and subsequent growth.

Decomposing growth in the manufacturing sector

Given the significant effect on manufacturing production, in this subsection we examine the

components of manufacturing growth, including inputs, employment, and capital between

1880 and 1890. We re-estimate the baseline specification in Equation 1.3 with the different

components of manufacturing sector as the dependent variable, and present the results in

Table 1.15.

Manufacturing inputs value increased significantly more after gaining access to national

banks. The IV estimates in Columns 5 and 6 of Panel A indicate that gaining a national

bank led to $154 - $205 more in manufacturing inputs per capita, which are about $4,280

38Source: https://www.officialdata.org/
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Table 1.15: National Banks and Growth in Manufacturing Inputs, Employment, and Capital

Panel A: Changes in manufacturing inputs per capita
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 27.01 34.75* 153.5*** 205.4**
(18.41) (20.53) (58.61) (81.69)

1(pop<6k) 67.40*** 69.40***
(23.43) (23.83)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. 9.643 9.643 9.643 9.643 9.643 9.643
Std. Dev. of Dep. Var. 193.3 193.3 193.3 193.3 193.3 193.3
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Panel B: Changes in manufacturing employment per capita
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 0.0194 0.0351* 0.113** 0.164**
(0.0188) (0.0209) (0.0557) (0.0760)

1(pop<6k) 0.0494** 0.0555**
(0.0242) (0.0245)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. 0.0740 0.0740 0.0740 0.0740 0.0740 0.0740
Std. Dev. of Dep. Var. 0.0868 0.0868 0.0868 0.0868 0.0868 0.0868
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Panel C: Changes in manufacturing capital per capita
OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 2.508 44.01 55.86 132.0
(37.18) (41.16) (101.5) (133.1)

1(pop<6k) 24.53 44.62
(48.42) (48.90)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. 218.0 218.0 218.0 218.0 218.0 218.0
Std. Dev. of Dep. Var. 204.7 204.7 204.7 204.7 204.7 204.7
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Notes: Table 1.15 presents results from OLS, reduced form, as well as IV estimates. Dependent variable is changes in
manufacturing inputs, employment, and capital per capita between 1880 and 1890. All columns include town population
changes between 1870 and 1880 as a control variable. Additional control variables include the number of state banks in town
as of 1876 and number of railroads as of 1880. Regressions are weighted by share of town population in the sample in 1880.*
p<0.1, ** p<0.05, *** p<0.01.
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and $5,700 in 2018 dollars or 54% of the average level in 1880. The magnitudes here suggest

that the increase in inputs value was responsible for 66% of the total output increase,

assuming constant returns to scale. Similarly, gaining a national bank also led to significant

growth in manufacturing employment. The IV estimates in Columns 5 and 6 of Panel

B show that about 11-16 more people per 100 males above age 21 were employed in the

manufacturing sector following national bank entry. However, the impact of national banks

on manufacturing capital was positive but statistically insignificant, as shown in Panel C of

Table 1.15. The magnitude ($56-$132) is also smaller compared to effects of national banks

on manufacturing inputs.39

The results above on the decomposition of manufacturing output indicate that national

banks led to significant growth through increased inputs and employment, but that their

impact on capital investment was limited. There are several possible explanations for the

null effect on capital. First, regulations encouraged national banks to make short-term

loans rather than long-term loans (White, 1998). These loans provided working capital to

meet short-term liquidity needs rather than long-term investment demands. The short-term

credit may have also facilitated inputs sourcing, and the lack of long-term credit provision

limited manufacturers’ ability to acquire physical capital such as manufacturing factory

land. Second, since the national banks were unit banks, their ability to diversify their loan

portfolio with borrowers across different places was limited, which could discourage them

from expanding their balance sheets. Third, large values of firm investment could not be

easily accommodated, as a national bank could lend no more than 10% of its capital stock

to one entity.40 Broadly, many requirements impeded investment in the manufacturing

sector, suggesting that the effect of national banks from the asset side of the balance sheet is

limited.

One caveat to our interpretation is that manufacturing capital was estimated by estab-

39Carlson et al. (2018) find positive effect on manufacturing capital growth following new national bank
entry, and suggest that banking competition leads to economic growth by inducing credit provision.

40That is to say, a bank with $50,000 of capital stock could lend no more than $5,000 to a firm.Source:
National Banking Act of 1864, Sec. 29

47



lishment owners and was subject to mis-measurement in the census, which would bias the

results toward zero. Remarks on the Statistics of Manufactures for the 1880 census explains

how factory owners may not have correctly estimated the value of all physical capital used

in production. For example, a manufacturer who rented a piece of factory land may or may

not count the land as a part of capital. The measurement error is therefore likely to weaken

the relationship between national banks and manufacturing capital growth.

So far, the results indicate that national banks facilitated manufacturing production

from the assets side primarily by providing working capital. Given the large magnitude of

impacts of national banks on manufacturing outputs and inputs, we explore other channels

that could also have spurred the growth in the manufacturing sector. In Section 1.2, we

provided an overview of the significant exchange frictions stemming from illiquid state

bank notes. Since the National Banking Act required that the national bank notes must be

redeemable at all national banks at par, we hypothesize that places with access to national

bank notes experienced significant reduction in transaction cost when trading with distant

regions. As a result, value of manufacturing production and inputs could both increase with

greater access to inputs and outputs markets. We provide evidence for this channel next.

1.4.4 Growth in innovation

As the late 19th century was a part of the Second Industrial Revolution, when organized

industrial R&D within firms emerged and science and technology were applied to product

development (Bruland and Mowery, 2006), we postulate that the significant manufacturing

production increase could also be driven by innovation. We examine whether national banks

also had a significant impact on local innovation activity in this subsection.

We use the the number of patents obtained by residents within a county as measure for

innovation activity (Petralia et al., 2016).41. We first show that the number of patents can

be a reasonable proxy for the manufacturing sector’s research and development outcome

by plotting the relationship between manufacturing and agricultural production per capita

41Plant- or sector-level innovation measure is not available for our sample period
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Figure 1.10: Production per capita and Innovation

(A): Manufacturing production per capita and log number of patents
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(B): Agriculture production per capita and log number of patents

15
0

20
0

25
0

30
0

Ag
ric

ul
tu

re
 p

ro
du

ct
io

n 
pe

r c
ap

ita

0 1 2 3 4
Log number of patents in the previous decade

Notes: Figure 1.10 presents binscatter plots between manufacturing/agriculture production per capita in 1860-1900 census
and log number of patents per county in the previous decade. The plots control for total county population, as well as
state-year fixed effects.

and the log number of patents obtained by local inventors in the previous decade in Figure

1.10. The plots show that local innovation output measured by the number of patents
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granted is strongly correlated with manufacturing production per capita, but is only weakly

correlated with agriculture production per capita. Assuming patents contributed to total

factor productivity, these correlations indicate that they were primarily innovations that

benefited the manufacturing sector.

Having established that patents are a suitable proxy for manufacturing sector’s innova-

tion, we examine the percentage changes in the number of patents granted from the decade

following 1870 and 1880 using the specification of Equation 1.3.42 Gaining a national bank

led to 105 to 134 percentage points higher increase in the number of patents across the two

decades, as shown in Table 1.16. The magnitude is economically significant, compared to

the mean of 64 percentage points and standard deviation of 138 percentage points. We also

conduct placebo tests by replacing the outcome variable with percentage changes in number

of patents between the previous two decades (1860s and 1870s) and report the results in

Table 1.17. The insignificant results imply that the difference in innovation output growth

was not due to pre-existing trends.

Table 1.16: National Banks and Local Innovation Activity

OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) 0.350* 0.422** 1.049** 1.393**
(0.180) (0.203) (0.516) (0.702)

1(pop<6k) 0.461* 0.471*
(0.235) (0.241)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. 0.640 0.640 0.640 0.640 0.640 0.640
Std. Dev. of Dep. Var. 1.379 1.379 1.379 1.379 1.379 1.379
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Notes: Table 1.16 presents results from the OLS, reduced form, and IV estimates of the effects of national banks on county-
level innovation activity. Dependent variable is percentage change in total number of patents from the decade of 1870s(1871
to 1880) to the decade of 1880s(1881 to 1890) per county. All columns include town population changes between 1870 and
1880 as a control variable. Additional control variables include the number of state banks in town as of 1876 and number of
railroads as of 1880. Regressions are weighted by share of town population in the sample in 1880. * p<0.1, ** p<0.05, ***
p<0.01.

Assuming that firms primarily relied on internal financing for R&D like they do in the

42We include the 10 years between 1871 to 1880, and 1881 to 1890, respectively.
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Table 1.17: Placebo Test: National Banks and Local Innovation Activity (1870-1880)

OLS RF IV

(1) (2) (3) (4) (5) (6)

1(National Bank) -0.781 -1.094** -0.502 -0.849
(0.489) (0.548) (1.325) (1.743)

1(pop<6k) -0.220 -0.287
(0.644) (0.661)

State FE Y Y Y Y Y Y
Controls N Y N Y N Y
Mean of Dep. Var. 0.793 0.793 0.793 0.793 0.793 0.793
Std. Dev. of Dep. Var. 1.982 1.982 1.982 1.982 1.982 1.982
N 148 148 148 148 148 148
KP F-stat 15.74 10.68

Notes: Table 1.17 presents results from OLS, reduced form, as well as IV estimates. Dependent variable is percentage change
in total number of patents between 1860s(1861-1870) and 1870s(1871-1880). Control variables include number of state banks
in a town as of 1876, as well as number of railroads in 1880. Regressions are weighted by share of town population in the
sample in 1870. * p<0.1, ** p<0.05, *** p<0.01.

modern period in the United States (Hall, 2002; Bougheas, 2004), the results also indicate

that the positive effect of national banks on innovation was not through the bank lending

channel. Instead, the evidence is consistent with that manufacturers gained greater market

access and were exposed to a greater varieties of products when product price uncertainty

across locations is reduced after gaining a national bank locally. As a result, manufacturers

may have incentive to to innovate and therefore become more competitive in a larger market

and expand product lines.

The increased trade and innovation activity could both help to explain the significant

growth in manufacturing production after national bank entries. Taken together, national

banks likely facilitated manufacturing sector growth from both the assets and the liabilities

sides of their balance sheets. On the assets side, short-term loans may have provided the

working capital and liquidity for input sourcing and trade finance. On the liabilities side,

granting easy access to secure and liquid bank liabilities may have increased production

value by reducing transactions cost in trade and hence allowing local manufacturers to

access more customers and produce more differentiated goods.
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1.4.5 Long-term effects and spillover effects

In this part, we study whether the positive impacts of national banks on manufacturing

production persisted over time led to any impacts on neighboring counties. The initial

significant growth in the manufacturing sector may last for a longer time period due to

the presence of agglomeration economies in manufacturing (Kline and Moretti, 2014). In

addition, greater industrialization, greater market access through trade and more innovation

activity could also turn into comparative advantages in manufacturing production, which

may sustain higher manufacturing production over a longer period (Sequeira et al., 2018).

We test this hypothesis next.

Long-term effects of national banks

To measure the long-term effects of national banks, we estimate a dynamic differences-in-

differences model from 1860 to 1900, which makes it possible to visualize any pre-trends

before the 1880 census was published and the persistence afterward. Specifically, we estimate

the following:

Yist = Â
k

bke(National Bank)⇥ {year=k} + Â
k

gkX0 ⇥ {year=k} + hst + ai + # it, (1.4)

where Yist is the outcome in town i in state s at year t. We include leads and lags before

and after 1880, and omit 1880 so that all outcomes are relative to the treatment period.

bk is the coefficient of interest, and it measures the elasticity of the output response to

gaining a national bank in each of the lead and lag years. As before, e(National Bank) is

the instrumented variable. gk allow the control variables X0 to have time-varying effects.

hst are state-year fixed effects so that we compare outcomes within states and years, and ai

are town fixed effects that control for time-invariant characteristics such as geographical

location and land quality.

The full IV and reduced form dynamic difference-in-difference coefficients for manufac-

turing production plotted in Figure 1.11 show that the positive effect of national banks on

manufacturing production between 1880 and 1890 persisted beyond a decade into 1890s as

52



Figure 1.11: Persistent Positive Effect on Manufacturing Production
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Notes: Figure 1.11 shows the dynamic diff-in-diff coefficients for the reduced form and the IV estimates of the effect of
having a national bank on county-level manufacturing production value. The specification for the IV estimates is Yist =
Âk bke(National Bank) ⇥ {year=k} + Âk gkX0 ⇥ {year=k} + hst + ai + #it. 1880 is the omitted year, and the vertical bars
represent the 95% confidence intervals.

well. The figures also indicate that there were no differential pre-trends between the places

that received national banks versus those that did not, instrumented by the population

cutoff at 6,000.43 Data from the 1910 Census of Manufacturers is not available, and we find

no differential effect using the 1920 outcomes. However, 1920 was after the WWI and the

establishment of the federal reserve system. We therefore do not attribute the result to

conversion of growth.

Spillover effects

We also investigate whether there are indirect effects of national bank entries on the

neighboring counties. On one hand, more active trade and increased innovation output

could create positive spillover effects on the neighboring counties; on the other hand,

manufacturing production could become more concentrated in places that obtained national

43We only show 2 pre-shock period coefficients here, as 1840 and 1850 census does not change the flat patters
of the pre-shock trend.
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banks, leading to reallocation of manufacturing production away from the surrounding

places.

Figure 1.12: Spillover Effect on Neighboring Counties
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Notes: Figure 1.12 shows the dynamic diff-in-diff coefficients for the reduced form and the IV estimates of the effect of
having a national bank on neighboring counties’ manufacturing production value. The specification for the IV estimates is
Yist = Âk bke(National Bank)⇥ {year=k} + Âk gkX0 ⇥ {year=k} + hst + ai + #it. 1880 is the omitted year, and the vertical bars
represent the 95% confidence intervals.

We estimate the same dynamic differences-in-differences specification as in Equation

1.4 above, but replace the outcome variable to the changes in manufacturing production

per capita of adjacent counties. We find positive point estimates for neighboring counties’

manufacturing production per capita in 1890 and 1900, but the effects are noisy (see Figure

1.12), suggesting some positive net effects of national banks on adjacent counties.

1.5 Conclusion

Financial intermediaries can facilitate economic growth through both the asset-side channel,

such as providing long-term investment credit and short-term working capital, and the

liability-side channel, such as issuing secure bank liabilities that could facilitate transactions

across space and over time. This paper studies the late 19th century United States after
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the passage of the National Bank Act of 1864, and exploits a population-based capital

requirement of national banks to study the causal effects of bank entry on the local economy,

as well as provide empirical evidence on the importance of stable bank liabilities in the real

economy.

We establish that a lower regulatory capital requirement defined discretely by town

population strongly and robustly predicts a higher likelihood of national bank entry. The

national banks had little impact on overall agricultural production, access to long-term

credit (proxied by value of farmland and fixtures), or short-term credit (proxied by fertilizers

expenditure). However, production significantly shifted from non-traded crops to traded

crops, which provides evidence that the stability of national bank liabilities had first-order

effects on the local economic development.

More generally, we find that local trade activity increased following national bank entry,

which may especially benefit the manufacturing sector growth as manufacturing outputs

are traded goods. We find significant and persistent greater increase in manufacturing

production per capita following national bank entry. While manufacturing inputs, and

employment also increased, capital did not significantly scale up. The results indicate that

national banks extended limited long-term credit for capital acquisition, and the effect of

national bank entry on manufacturing sector growth comes from lowering transactions

costs with stable national bank notes and short-term credit provision. The increased trade

activity facilitated by national bank’s secure liabilities could also expose manufacturings to

greater market access and therefore encourage in-firm innovation. We find that innovation

activity, proxied by patents granted, also increased significantly after gaining a national

bank. Together, the initial significant growth in the manufacturing sector as well as increased

trade and innovation could contribute to the persistently higher level of manufacturing

production for at least two decades. In sum, our results suggest that the newly entered

national banks facilitated local economic development by providing safe liabilities with

stable value across places and over time.

55



Chapter 2

Regional Economic Growth and Firm

Performance

2.1 Introduction

Fluctuations in local economic conditions can have important impacts on the performance

and investment decisions of firms. These impacts may be heterogeneous given firms’

different current assets in place. A recent literature has studied how local economic

shocks are related to aggregate outcomes through firms’ internal networks (e.g. Barrot and

Sauvagnat (2016), Giroud and Mueller (2017), Bernile et al. (2012)). In this paper, I use data

on store location distributions of publicly traded brick-and-mortar retail chains, as well as

restaurant, hotel, and entertainment services chains, to study the impact of regional income

growth on the performance and subsequent investment decisions of these firms.

Store-level sales growth depends on the demand for goods and services from customers

visiting the stores. Therefore, firms with more stores located in high demand growth regions

should expect to earn higher revenue. Intuitively, if consumption growth is positively

associated with store-level sales growth, then a firm with multiple locations is essentially

holding a “portfolio of local economic conditions," with the respective weight being the

number of stores in each region. This weight — or the number of stores in a state — is
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usually costly to adjust, as it involves investments that are irreversible in the short run, i.e.

opening new stores or closing existing stores. It also often takes a considerable amount of

time to execute such investment decisions given the logistics involved. As a result, a firm’s

revenue may be closely related to regional economic condition fluctuations based on its

current relative exposure to these changes.

Building on this idea, in this paper I construct a firm-level measure of regional income

growth at the quarterly frequency, and name it Firm Local Growth. It is defined as a weighted

average of state-level income growth for each firm and year, with the weights being the

numbers of stores operated by the firm in each state. I then study how Firm Local Growth is

correlated with firm performance in the contemporaneous quarter and stock returns in the

subsequent quarter.

First, I establish that Firm Local Growth is strongly and positively correlated with firm’s

same-quarter sales growth and earnings per share (EPS) growth. Specifically, a 1 percentage

point higher Firm Local Growth (which is similar to the standard deviation of 1.11 ppt) is

associated with 0.5 to 0.8 percentage points higher quarterly sales growth and about 4.2 to

5.5 percentage points higher EPS growth contemporaneously.

Given that firms with higher Firm Local Growth tend to have higher sales and earnings

growth in the same quarter, it is then natural to examine whether the better performance

metrics translate into higher stock returns in the subsequent quarter, in which performance

is made public through quarterly filings or press releases. Indeed, I find that a 1 percentage

point higher Firm Local Growth is associated with 76-78 basis points higher monthly stock

returns in the subsequent quarter. Results are more pronounced in industries that are

more likely to rely on store traffic as opposed to e-commerce, such as restaurants and

entertainment service firms. For these firms, a 1 percentage point higher Firm Local Growth

is associated with 101 to 106 basis points higher monthly stock returns in the subsequent

quarter.

A long-short portfolio that goes long with the top decile of Firm Local Growth and shorts

the stocks with the bottom decile of Firm Local Growth can earn about 70 basis points
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monthly equal-weighted abnormal returns (t-stats range from 2.05 to 2.10), or 8.4% annually.

The corresponding value-weighted portfolio can yield 130 basis points monthly abnormal

returns (t-stats range from 2.93 to 3.03), or 15.6% annually.

The fact that the value-weighted portfolio returns are higher than the equal-weighted

portfolio may be due to investors’ limited capacity with analyzing more complicated firms,

measured by the number of stores of a chain.1 In particular, when looking at firms with over

1,000 store locations versus those with below 1,000 locations, same-quarter sales growth is

not found to be impacted differently by Firm Local Growth, whereas monthly stock returns

in the subsequent quarter are more sensitive to Firm Local Growth for firms with over 1,000

stores. This suggests that for firms with more locations, information contained in regional

economic conditions may be incorporated in stock prices more slowly.

It is somewhat challenging to actually implement the trading strategy by exploiting

differences in Firm Local Growth in each quarter, because quarterly state-level income growth

data is usually published by the Bureau of Economic Analysis(BEA) with a lag of at least

one quarter. By combining a few additional data sources, I construct a timely updated series

of quarterly state-level earnings growth in major private non-farm industries, and use it

to predict quarterly income growth. Analogously to Firm Local Growth, I then construct

Predicted Firm Local Growth using these predicted income growth numbers. The details of

the method will be elaborated in Section 2.2. A similarly constructed long-short portfolio

with the top and bottom deciles of Predicted Firm Local Growth yields about 64 to 71 basis

points equal-weighted monthly abnormal returns in the subsequent quarter (t-stats range

from 1.86 to 2.07), or 7.7% to 8.5% annually; the value-weighted portfolio yields about 84 to

87 basis points value-weighted monthly abnormal returns (t-stats range from 2.04 to 2.11),

or 10.1% to 10.4% annually.

In examining the timing of these predictable returns, I find no evidence of either actual

or predicted Firm Local Growth being a significant predictor of quarterly earnings surprise

1For example, Nguyen (2017) and Cohen and Lou (2012) find the link between complexity of firms to
predictable returns.
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benchmarked to consensus analysts forecast, or significant cumulative abnormal returns

around earnings announcement days. These results imply that firms may have channels

to communicate quarterly performance other than quarterly filings. For example, many

retailers voluntarily report sales in monthly press releases (Yang (2007)).

In the last part of this paper, I examine whether past regional income growth plays any

role in firm’s investment decisions in terms of expansion and contraction in different areas.

To accommodate the fact that building new stores and closing existing stores require a

considerable amount of time in their planning and execution, I use lagged 3-year state-level

income growth as my proxy for past regional growth.

First, I find that past 3-year state-level income growth is not positively associated with

future growth, i.e. state-level growth trends do not seem to be persistent over a multi-year

horizon. Nonetheless, I find that firms tend to incur positive net investment in response to

higher past growth trend in a state. This relationship is only pronounced in states where a

firm has prior presence, as opposed to firms expanding into new regions.

Next, I employ a two-stage method and examine whether firms that are more likely to

adjust their numbers of stores in a state in response to past growth in that state tend to

perform better or worse in the future. I find that firms with investment decisions more

responsive to past 3-year state-level income growth do not achieve higher subsequent 3-year

sales growth.2 However, firms with higher investment sensitivity to positive past growth

tend to have small increases in profitability, measured as 3-year changes in EBITDA-to-asset

ratio. The results provide some evidence that expanding into high-growth regions may lead

to more efficient operation.

This paper is related to several strands of literature. First, it relates to the studies on the

role of investor inattention and firm complexity in security pricing. For example, Nguyen

(2017) documents the predictable link between foreign country-level indices returns and

stock returns of US firms with foreign segments. Cohen and Lou (2012) show substantial

return predictability from the set of easy-to-analyze firms to their more complicated peers.

2Details with the construction of this measure are elaborated in Section 2.5.
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Hirshleifer et al. (2017) show that complexity involved in evaluating patent originality leads

to predictable stock returns.

Second, this paper also contributes to the understanding of firm growth, investment and

subsequent performance. Previous studies have established a negative relationship between

firm expansion and subsequent stock returns. For example, Cooper et al. (2008) find that

firm asset growth rates strongly and negatively predict stock returns with a lag. Titman et al.

(2004) show a significant negative relationship between the relative level of corporate capital

investment and subsequent stock returns, and conclude that the results are indicative of the

tendency for corporate managers to engage in empire-building strategies. Different from

the prior literature, this paper investigates firms’ investment decisions following positive

growth trends, which could suggest the positive role of richer information on individual

store performance observed by managers. This also poses a contrast to the literature on

manager over-reaction to recent events. For example, Greenwood and Hanson (2015) show

that firms over-react to recent observations of ship prices in making investment decisions,

and fail to account for the fluctuation of prices and competitors’ responses. Chen (2017)

demonstrates how managers over-react to recent changes in local economic conditions near

firm headquarters, and adjust firm’s capital investment accordingly. Admittedly, results

found in this paper does not further disentangle the tendency of over-extrapolation and

efficient use of richer insider information, but are presented as a net effect.

Lastly, this paper also adds to a recent literature on the relationship between local

economic shocks and aggregate outcomes operating through firms’ internal networks (e.g.

Barrot and Sauvagnat (2016), Giroud and Mueller (2017), Bernile et al. (2012)). This literature

considers the implications of local economic shocks for firm production, and does not

associate with the stock returns of the firms studied.

The rest of the paper is organized as follows. Section 2.2 introduces the various data

sources used in this paper, as well as the construction of Firm Local Growth. Section 2.3

examines the link between firm exposure to different regional income growth and the

aggregate quarterly sales growth, retained earnings growth, as well as subsequent stock
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returns. Section 2.4 introduces a simple way to construct Predicted Firm Shock with timely

published data sources ahead of time, and take advantage of the cross-sectional stock

return implications. Section 2.5 examines the role of past regional income growth in firm’s

investment decisions in terms of expansion and construction, and its impact on firms future

operational performance. Lastly, Section 3.7 concludes.

2.2 Data

2.2.1 Sample selection and store locations data

To investigate the relationship between regional economic growth and firm performance, it

is essential that in-store sales must contribute to a significant portion of revenue for the firms

under consideration. Simply selecting firms in the non-tradable sectors (NAICS 44-45 (retail)

and 72 (restaurant and accommodation)) may include firms that fail to meet this criterion.

For example, Amazon.com, Inc. and Barnes & Noble, Inc. both have primary NAICS code

of 4512 (book stores), but since Amazon’s sales transactions are primarily completed online,

heterogeneous economic conditions across regions are unlikely to be an important driver

in its performance. To obtain an appropriate sample for analysis, I manually collected a

list of firms that are publicly traded chain stores.3 The list includes restaurant chains (e.g.

Cheesecake Factory, Inc.), apparel stores (e.g. Ralph Lauren, Inc.), department stores (e.g.

Macy’s, Inc.), drug stores (e.g. CVS Pharmacy), accessories stores (e.g. Coach, Inc.), specialty

retails (e.g. Barnes & Noble, Inc.), home improvement stores (e.g. Home Depot, Inc.), hotels

(e.g. Marriott International, Inc.), and entertainment companies (e.g. AMC Theaters).

I obtain store location data from Infogroup Historical Business Database, a database that

records and updates all business locations in the United States from 1997 to 2016. Infogroup

makes millions of phone calls to business establishments to verify the name and status of

the businesses every year. Establishment-level identifier is linked to a parent firm identifier

3I referred to various online sources in the process, such as Investsnip.com, theBalance.com, Market-
Watch.com and wikipedia.org.
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for firms operating as chains, and I rely on this link to connect store locations to their

parent companies. The dataset consists of snapshots of business location information as of

December of each year.4 Infogroup further links parent company identifiers to stock ticker

for many public companies. Combining this information with manual matching, I obtain

a sample of 285 publicly traded firms and the annual location data on all of their stores

between 1997 and 2016.5 More details of the Infogroup data and the matching process can

be found in the appendix.

To have a better overview of the sample, I group the firms into three major categories.

There are 196 unique retail companies, 72 restaurant chains, and 17 other companies

(hospitality and entertainment). The evolution of the numbers of firms in these categories

over the sample period is shown in Figure 2.1. Overall the numbers of restaurants and

other firms did not change much over this sample period. There is a visible increase in the

number of retail firms from 1997 to 2009, followed by a plateau from 2009 to 2012 and a

slight decrease after 2013.

Panel A of Table 2.1 provides additional information on the sample. The mean and

median number of states a public firm operates in throughout the sample period are 32

and 35, respectively, and the standard deviation is 16. In addition, the mean and median

number of a firm’s stores per state are 36 and 9, respectively, and the standard deviation is

91. This suggests that the distribution of the number of stores of a firm per state is very

skewed, and there is not as much variation in the number of states in which firms operate.

2.2.2 Income growth data

Quarterly data on state-level income growth is obtained from the Bureau of Economic

Analysis (BEA). Due to the lag in data publication by the BEA, in Section 2.4, I employ

4Therefore, the location information is not perfectly accurate. For example, if Infogroup verified a store in
March 2001, and the store subsequently closed in June 2001, then the record would still be in the 2001 archive.
However, I don’t consider this as a major issue, as the number of stores is typically slow to adjust.

5Infogroup typically does not assign a stock ticker to a parent number if the firm had been delisted as of
2016. I manually complete the matching process by linking parent numbers and the corresponding stock tickers
if the firms are on the pre-collected list. This process greatly alleviates the concerns of survivorship bias.
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Figure 2.1: Number of Firms by Category (1997-2016)

Notes: Figure 2.1 plots the total number of unique firms by category from 1997 to 2016. Category "Retail" includes a wide
range of retailers such as grocery, department store, brandname apparel and accessories retailers, home improvement, etc.
Category "Restaurant" includes fast food chains as well as full-service restaurant brandnames. Category "Other" includes
firms in hospitality and entertainment industries.

two additional data sources to obtain timely updated quarterly employment growth rates

in each state to construct predicted income growth. The two data sources are Quarterly

Census of Employment and Wages (QCEW) and Current Employment Statistics (CES), both

published by the Bureau of Labor Statistics (BLS). Details on the method of prediction is

explained in Section 2.4.

2.2.3 Financial data

I obtain firms balance sheet data from the Compustat-CRSP Merged Database, and monthly

stock returns from CRSP (share code = 10 or 11). Monthly market returns, risk-free rates,
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and the size, value and momentum factors are retrieved from Kenneth French’s website.6

Earnings announcement days are obtained by combining report date information from

Compustat with I\B\E\S data, following the method used in DellaVigna and Pollet (2009).

2.3 Firm Local Growth, Firm Performance and Subsequent Stock

Returns

In this section, I investigate whether higher state-level income growth corresponds to higher

sales and retained earnings growth for firms with higher fraction of stores in those states,

and moreover, whether it leads to higher stock returns in the subsequent quarter. I begin

with construction of a quarterly firm-level aggregate of regional income growth, which I

name Firm Local Growth.

2.3.1 Construction of Firm Local Growth

For each firm in year y and quarter q, I first calculate its “weight" in each state s as the

fraction of store counts in the state to the total number of stores in all states using Infogroup’s

data archive for year y� 1. I then combine this with state level income growth data from

BEA in quarter q of year y. The variable Firm Local Growth is then calculated as the weighted

average of quarterly income growth in all states a firm operates. That is,

FirmLocalGrowthi,y,q = Â
Storesi,s,y�1

Storesi,y�1
⇤ IncomeGrowths,q,y. (2.1)

Over the sample period, the mean of Firm Local Growth is 1.05%, and the standard deviation

is 1.11%. The mean of quarterly state income growth is 1.06%, and the standard deviation is

1.32% in this period. If we focus on within-year comparisons, variance of Firm Local Growth

can be significantly lower. For example, the standard deviations of state-level income growth

and Firm Local Growth in 2005 is 1.2% and 0.6%, respectively.

6http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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2.3.2 Quarterly sales and earnings growth

I first evaluate the contemporaneous relationship between Firm Local Growth and quarterly

sales growth. For each firm i in year y quarter q, I estimate the following model,

SalesGrowthi,q,y = bFirmLocalGrowthi,q,y + dXi,y�1 + qi + gy + hNationalGrowthq,y + ei,q,y,

(2.2)

where SalesGrowthi,q,y is the quarterly sales growth relative to the previous quarter. Xi,y�1

denotes various firm-level characteristics obtained from the firm’s annual financial reports

in the previous year. qi denotes firm fixed effects that capture persistent but unobservable

firm characteristics. gy denotes year fixed effect, which are used to control for time-

varying changes in overall economic conditions that may be a common factor driving

firm performance. Lastly, NationalGrowthq,y denotes national income growth. To address

concerns with time-series correlation in a firm’s sales growth, lagged sales growth is included

in all specifications.

Panel A of Table 2.2 shows that Firm Local Growth is significantly associated with quarterly

sales growth, even after controlling for additional firm characteristics such as firm size and

lagged profitability. Specifically, 1 ppt higher Firm Local Growth measure is associated with

about 0.44-0.92 percentage points higher sales growth in the same quarter, or 12% to 25%

higher compared to the mean of 3.7%. However, the magnitudes are small compared to the

standard deviation of 22 percentage points.

Panel B of Table 2.2 presents the results of the regressions of quarterly earnings per

share (EPS) growth on Firm Local Growth:

EPSGrowthi,q,y = bFirmLocalGrowthi,q,y + dXi,y�1 + qi + gy + hNationalGrowthq,y + ei,q,y

(2.3)

for firm i in year y quarter q. Similarly, Firm Local Growth is a significant explanatory variable

for quarterly EPS growth even after controlling for firm characteristics and firm or/and year

fixed effects. Specifically, 1 ppt higher Firm Local Growth measure is associated with about

4.8 to 7.8 percentage points higher EPS growth in the same quarter. The relationship is less
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Table 2.2: Quarterly Sales and Earnings Growth and Firm Local Growth

Panel A: Quarterly Sales Growth (%) and Firm Local Growth
Quarterly Sales Growth (%)

(1) (2) (3) (4) (5) (6) (7) (8)

Firm Local Growth 0.922*** 0.657*** 0.472*** 0.446*** 0.478*** 0.446*** 0.464** 0.442**
(7.87) (5.75) (2.84) (2.72) (2.88) (2.73) (2.59) (2.49)

Lagged Dep. Var Y Y Y Y Y Y Y Y
Firm-level Controls N Y N Y N Y N Y
National Growth N N N N N N Y Y
FE Firm Firm Year Year Firm, Year Firm, Year Firm, Year Firm, Year
R-sq 0.182 0.191 0.150 0.153 0.189 0.194 0.189 0.194
N 12371 12282 12371 12282 12371 12282 12371 12282

Panel B: Quarterly EPS Growth (%) and Firm Local Growth
Quarterly EPS Growth (%)

(1) (2) (3) (4) (5) (6) (7) (8)

Firm Local Growth 7.809*** 6.310*** 4.909** 5.036** 6.325** 6.289** 4.913* 4.796*
(3.63) (2.99) (2.05) (2.09) (2.59) (2.56) (1.88) (1.83)

Lagged Dep. Var Y Y Y Y Y Y Y Y
Firm-level Controls N Y N Y N Y N Y
National Growth N N N N N N Y Y
FE Firm Firm Year Year Firm, Year Firm, Year Firm, Year Firm, Year
R-sq 0.0929 0.0969 0.0282 0.0301 0.0966 0.0999 0.0967 0.100
N 11881 11796 11881 11796 11881 11796 11881 11796

Notes: Table 2.2 reports results from estimating the following:

SalesGrowthi,q,y = bFirmLocalGrowthi,q,y + G0Xi,y�1 + qi + dy + hNationalGrowthq,y + ei,q,y,

Panel A displays the regressions of quarterly sales growth (%) on Firm Local Growth, and Panel B presents the regressions
of quarterly EPS growth (%) on Firm Local Growth. Both dependent variables are defined as one-quarter growth rates, and
are winsorized at the 1st and 99th percentiles. Column 1-2 include firm fixed effects, Column 3-4 include year fixed effects,
Column 5-6 include both, and Column 7-8 further control for national income growth. Standard errors are clustered by firm.
Robust t-statistics are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

statistically significant once national growth is added as a control variable, suggesting that

aggregate growth is an important driver to EPS growth.

Firms in retail, restaurant, hospitality and entertainment industries often have significant

seasonal patterns in their revenues. For example, restaurants tend to gain higher revenues in

warm months, while department stores tend to have greater sales during holiday seasons. In

Table 2.3, I repeat the analysis above using same-quarter sales growth and retained earnings

growth, i.e. sales and retained earnings growth are now calculated relative to the same

quarter in the previous year. All results are qualitatively similar — the point estimates tend

to be greater in magnitude and very statistically significant.
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Table 2.3: Quarterly (same-quarter) Sales and Earnings Growth and Firm Local Growth

Panel A: 4-Quarter Sales Growth (%) and Firm Local Growth
4-Quarter Sales Growth (%)

(1) (2) (3) (4) (5) (6) (7) (8)

Firm Local Growth 2.054*** 1.553*** 0.869*** 0.823*** 0.845*** 0.783*** 0.469*** 0.396***
(13.15) (10.54) (6.36) (6.20) (6.61) (6.54) (3.64) (3.32)

Lagged Dep. Var Y Y Y Y Y Y Y Y
Firm-level Controls N Y N Y N Y N Y
National Growth N N N N N N Y Y
FE Firm Firm Year Year Firm, Year Firm, Year Firm, Year Firm, Year
R-sq 0.200 0.286 0.119 0.160 0.243 0.311 0.246 0.314
N 11413 11331 11413 11331 11413 11331 11413 11331

Panel B: 4-Quarter EPS Growth (%) and Firm Local Growth
4-Quarter EPS Growth (%)

(1) (2) (3) (4) (5) (6) (7) (8)

Firm Local Growth 30.16*** 26.85*** 29.78*** 30.81*** 30.43*** 31.13*** 27.59** 27.90**
(2.93) (2.88) (2.74) (2.84) (2.76) (2.84) (2.37) (2.40)

Lagged Dep. Var Y Y Y Y Y Y Y Y
Firm-level Controls N Y N Y N Y N Y
National Growth N N N N N Y Y
FE Firm Firm Year Year Firm, Year Firm, Year Firm, Year Firm, Year
R-sq 0.0356 0.0415 0.0132 0.0158 0.0451 0.0509 0.0452 0.0511
N 10972 10891 10972 10891 10972 10891 10972 10891

Notes: Panel A displays the regressions of 4-quarter sales growth (%) on Firm Local Growth, and Panel B presents the
regressions of 4-quarter EPS growth (%) on Firm Local Growth. Both dependent variables are defined as four-quarter growth
rates, i.e. percentage changes relative to the same quarter in the previous year. Dependent variables are winsorized at the
1st and 99th percentiles. Panel A and B control for lagged dependent variable in all columns, and firm-level controls include
log firm size, log B/M, leverage, and profitability from the previous year. Standard errors are clustered by firm. Column 7-8
control for national income growth. Robust t-statistics are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

2.3.3 Firm Local Growth and monthly stock returns

Next, I try to relate Firm Local Growth to monthly excess stock returns in the subsequent

quarter. Intuitively, since a higher Firm Local Growth in a quarter leads to higher revenue

and earnings growth, one would expect positive price reactions in the quarter that follows,

often during which the firm’s performance is revealed to the market in the quarterly filing

or press release.

Table 2.4 presents the results of firm-level monthly excess stock return regressions. The

left-hand side variable is the unadjusted monthly firm-level stock returns minus the risk-free

rates, and the right-hand side variables include log firm size, log book-to-market, leverage

from the previous year, as well as lagged 1 month excess stock return and returns during

68



Table 2.4: Monthly Stock Returns and Firm Local Growth

Monthly Stock Returns

(1) (2) (3)

Firm Local Growth 0.790*** 0.753** 0.766**
(2.70) (2.57) (2.57)

Accounting Controls N Y Y
Return Controls N N Y
FE Month Month Month
R-sq 0.196 0.197 0.198
N 37835 37585 37517

Notes: This table presents the results from the following model:

RETi,m,q,y = bFirmLocalGrowthi,q�1,y + G0
1Xi,m,y�1 + G0

2Xi,m�1,y + dm + ei,m,q,y,

regressions of monthly stock returns on Firm Local Growth of the previous quarter. Dependent variable is monthly stock
returns in the quarter after the one where Firm Local Growth is calculated. Accounting controls include log firm size, log
B/M, and leverage from the previous year. Return controls include monthly stock returns in the previous month, as well
as the stock returns over the past year, except for the most recent month. Standard errors are clustered by month. Robust
t-statistics are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

the past year except for the most recent month. All specifications include month fixed effect,

and standard errors are clustered by month.

We can see from Table 2.4 that a 1 ppt higher Firm Local Growth is associated with 76 to

78 basis points higher monthly excess returns, or about 10% annually. The coefficient is also

statistically significant, with t-statistics between 2.6 and 2.7. These results also confirm that

firms with relatively more presence in high-growth states tend to have better performance.

Table 2.5: Quarterly Sales and Earnings Growth and Firm Local Growth

Firm Local Growth

(1) (2)

Lagged Firm Local Growth 0.177*** 0.164***
(22.88) (20.85)

FE Firm
R-sq 0.0320 0.0444
N 12417 12417

Notes: Table 2.5 presents serial correlation of the variable Firm Local Growth. Standard errors are clustered by firm. Robust
t-statistics are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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The time-series persistence in state-level income growth implies persistence in Firm Local

Growth. Table 2.5 shows a strong positive autocorrelation between Firm Local Growth and

its lagged value. Since quarterly Firm Local Growth has strong and positive autocorrelation,

the unexpected component in Firm Local Growth may be more strongly associated with

subsequent stock returns. While the model for forecasting Firm Local Growth may be different

across firm and time, in this part I naively use the autocorrelation coefficient obtained in

Column 2 of Table 2.5 and construct innovations in Firm Local Growth as:

Innovationi,q = FirmLocalGrowthi,q � 0.164 ⇤ FirmLocalGrowthi,q�1.

The innovations measure have a lower mean of 0.86% and a slightly lower standard deviation

of 1.09%.

Table 2.6: Quarterly Sales and Earnings Growth and Innovations in Firm Local Growth

Panel A: Quarterly Sales Growth (%) and Firm Local Growth
Quarterly Sales Growth (%)

(1) (2) (3) (4) (5) (6) (7) (8)

Innovations in Firm Local Growth 0.927*** 0.701*** 0.533*** 0.514*** 0.533*** 0.508*** 0.520*** 0.503***
(7.57) (5.87) (3.40) (3.31) (3.41) (3.30) (3.14) (3.06)

Lagged Dep. Var Y Y Y Y Y Y Y Y
Firm-level Controls N Y N Y N Y N Y
National Growth N N N N N N Y Y
FE Firm Firm Year Year Firm, Year Firm, Year Firm, Year Firm, Year
R-sq 0.182 0.191 0.150 0.153 0.189 0.194 0.189 0.194
N 12371 12282 12371 12282 12371 12282 12371 12282

Panel B: Quarterly EPS Growth (%) and Firm Local Growth
Quarterly EPS Growth (%)

(1) (2) (3) (4) (5) (6) (7) (8)

Innovations in Firm Local Growth 7.240*** 5.999*** 4.032* 4.170* 5.193** 5.209** 3.912 3.877
(3.37) (2.83) (1.74) (1.79) (2.22) (2.21) (1.59) (1.57)

Lagged Dep. Var Y Y Y Y Y Y Y Y
Firm-level Controls N Y N Y N Y N Y
National Growth N N N N N N Y Y
FE Firm Firm Year Year Firm, Year Firm, Year Firm, Year Firm, Year
R-sq 0.0926 0.0968 0.0281 0.0300 0.0964 0.0998 0.0967 0.100
N 11881 11796 11881 11796 11881 11796 11881 11796

Notes: Panel A displays the regressions of quarterly sales growth (%) on the changes in Firm Local Growth, and Panel B
presents the regressions of quarterly EPS growth (%) on Firm Local Growth. Both dependent variables are defined as one-
quarter growth rates, and are winsorized at the 1st and 99th percentiles. Column 1-2 include firm fixed effects, Column
3-4 include year fixed effects, and Column 5-6 include both. Column 7-8 also control for national income growth. Standard
errors are clustered by firm. Robust t-statistics are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

First of all, results from Table 2.6 suggest similar magnitude of the relationship between
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Table 2.7: Quarterly Changes in Firm Local Growth and Monthly Stock Returns

Monthly Stock Returns

(1) (2) (3)

Innovations in Firm Local Growth 0.860*** 0.841*** 0.868***
(2.70) (2.68) (2.71)

Accounting Controls N Y Y
Return Controls N N Y
FE Month Month Month
R-sq 0.198 0.199 0.199
N 36907 36723 36702

Notes: This table presents the relationship between firm’s monthly stock returns and changes in quarterly value of Firm Local
Growth. Accounting controls include log firm size, log B/M, and leverage from the previous year. Return controls include
monthly stock returns in the previous month, as well as the stock returns over the past year, except for the most recent
month. Standard errors are clustered by month. Robust t-statistics are reported in parentheses. *** p<0.01, ** p<0.05, *
p<0.1.

quarterly sales and EPS growth and innovations in Firm Local Growth. Moreover, as shown

in Table 2.7, one standard deviation higher in the innovations is associated with slightly

higher returns in the cross-section, and the relationship is more statistically significant. This

provides evidence that the unexpected component in Firm Local Growth is more positively

and strongly associated with stock returns in the subsequent quarter.7 However, I do not

attempt to construct investment portfolios based on the innovations, given that the forecast

model here is estimated ex post.

2.3.4 The effect of firm local growth and firm complexity

Many prior studies have shown that firm complexity can lead to slow incorporation of

information, due to investors’ limited attention or capability to analyze complicated firms

(e.g. Nguyen (2017), Cohen and Lou (2012)). In the context of store location distributions

and regional economic growth, it is possible that firms with more locations tend to be

more difficult to analyze in a timely fashion, leading to higher subsequent stock returns. I

investigate this hypothesis in this subsection.

I define “complicated firms" as those having at least 1,000 locations as of the end of the

7Using more lags do not have significant impact on the results.

71



previous year, and estimate the following model:

SalesGrowthi,q,y = b1FirmShocki,q,y + b2 {Stores � 1000}i,y�1

+ b3FirmShocki,q,y ⇤ {Stores � 1000}i,y�1 + gXi,y�1 + qi + hy + ei,q,y.

The main coefficient of interest is b3, and Table 2.8 presents the results. We can see from

Panel A that, although being a more complicated firm is associated with lower quarterly

sales growth on average, it does not imply any differential impact of Firm Local Growth —

the coefficient on the interaction term is not statistically or economically significant in all

specifications.

Panel B of Table 2.8 presents the results from a similar regression model as above, but

replace the left-hand side variable with subsequent quarter monthly excess stock returns,

and include month fixed effects. We can see that being a more complicated firm is still

associated with lower monthly excess stock returns on average, but at the same time, the

effect of Firm Local Growth is larger — a 1 ppt higher Firm Local Growth is associated with 50

to 54 basis points higher monthly returns for the more complicated firms. The differential

effect is also statistically significant, with t-statistics being between 2.2 and 2.3. Take Column

4 as an example, the combined coefficient on Firm Local Growth is 1.27 (t-stat = 2.97) for

firms with at least 1,000 locations.8 These results suggest that it is more difficult to take

regional economic growth into account when evaluating its impact on a firm’s performance

if the firm has too many store locations.

2.3.5 Discussion of measurement issues

In this section, I briefly discuss some finer points regarding the construction of Firm Local

Growth — the measure of firm-level aggregate of regional income growth, as well as its

relationship with firm performance.

Alternative weighting. The Firm Local Growth variable used in this paper gives equal weight

to each store location. However, one would expect that exposure to regional economic

8Using other cutoffs, such as the mean and the 75th percentile yields similar results.
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Table 2.8: Firm Complexity and Firm Local Growth

Panel A: Quarterly sales growth, firm complexity, and firm local growth
Quarterly Sales Growth (%)

(1) (2) (3) (4) (5) (6) (7) (8)

Firm Local Growth 0.946*** 0.680*** 0.498*** 0.461** 0.517*** 0.468*** 0.502** 0.463**
(6.82) (5.04) (2.70) (2.54) (2.82) (2.60) (2.55) (2.38)

1(>1000 Stores) -3.387*** -0.715 -1.423*** -1.698** -1.068 -0.0770 -1.067 -0.0767
(-4.60) (-0.96) (-2.59) (-2.44) (-1.43) (-0.11) (-1.43) (-0.11)

1(>1000 Stores) ⇥ Firm Local Growth -0.180 -0.0999 -0.127 -0.0800 -0.158 -0.0889 -0.159 -0.0891
(-0.67) (-0.38) (-0.49) (-0.31) (-0.59) (-0.34) (-0.60) (-0.34)

Lagged Dep. Var Y Y Y Y Y Y Y Y
Firm-level Controls N Y N Y N Y N Y
National Growth N N N N N N Y Y
FE Firm Firm Year Year Firm, Year Firm, Year Firm, Year Firm, Year
R-sq 0.182 0.191 0.151 0.154 0.189 0.194 0.189 0.194
N 12371 12282 12371 12282 12371 12282 12371 12282

Panel B: Monthly stock returns, firm complexity, and firm local growth
Monthly Stock Returns

(1) (2) (3)

Firm Local Growth 0.758*** 0.736** 0.748**
(2.62) (2.53) (2.53)

1(>1000 Stores) -0.840** -0.464* -0.489*
(-2.57) (-1.67) (-1.73)

1(>1000 Stores) ⇥ Firm Local Growth 0.492** 0.484** 0.497**
(2.23) (2.18) (2.22)

Accounting Controls N Y Y
Return Controls N N Y
FE Month Month Month
R-sq 0.196 0.197 0.198
N 37835 37585 37517

Notes: This table shows differential effect of Firm Local Growth on same-quarter sales growth and next-quarter stock returns
for firms with more than 1000 locations as of the previous year. Dependent variable is quarterly sales growth in Panel A,
and monthly excess stock returns in Panel B. Panel A estimates the following model:

SalesGrowthi,q,y = b1FirmShocki,q,y + b2 {Stores � 1000}i,y�1

+ b3FirmShocki,q,y ⇤ {Stores � 1000}i,y�1 + G0Xi,y�1 + qi + dy + ei,q,y,

and Panel B estimates a similar model with monthly stock returns as the outcome variable. 1(� 1000 Stores) is a dummy
variable indicating that a firm has 1000 or more locations as of the previous year. Panel A controls for lagged quarterly sales
growth in all columns, and firm-level controls include log firm size, log B/M, leverage, and profitability from the previous
year. Standard errors are clustered at firm level. In Panel B, accounting controls include log firm size, log B/M, and leverage
from the previous year. Return controls include monthly stock returns in the previous month, as well as the stock returns
over the past year, except for the most recent month. Standard errors are clustered by month. Robust t-statistics are reported
in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

conditions is proportional to store size. Due to data limitations, a size-weighted firm-level

aggregate of regional growth cannot be calculated correctly.9 With richer data on store sizes

9See Appendix A1 for more details.
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of each firm, a more accurate proxy could be attained.

Franchised locations. Many firms in the sample studied have franchised locations, es-

pecially in casual restaurant and hospitality industries. By randomly reviewing some of

these firms’ 10-K filings, I find that all of the franchise rules involve different degrees of

profit sharing. The details of a contract, such as initial franchising cost and percentage of

profit sharing, is likely to differ across firms. Since franchised stores only contribute partial

revenue, including all these locations in the analysis introduces a bias in the variable Firm

Local Growth. However, this bias can be viewed as of similar importance as the one resulted

from the lack of store size information.

The impact of e-commerce. The popularity of e-commerce in the 21st century has revolu-

tionized the retail industry. With more consumers choosing to shop online, physical stores

become less important. Admittedly, this fact would likely weaken the relationship between

Firm Local Growth and a firm’s revenue growth and stock prices. This concern would be

alleviated if consumers from different states do not systematically differ in their propensity

to consume in physical stores. In recent years, some firms start to provide services that

allow customers to buy online and pick up in store. For this type of online transactions, the

presence of physical stores in a local area is still essential. Moreover, operating physical

stores is a result of profit-maximizing problem within firms. The dynamic adjustment made

by firms may also imply that the physical stores have certain importance, either by direct

sales, service offering, or as an advertisement.

To further disentangle the possible effect of e-commerce, in Table 2.9 separately estimate

the relationship between Firm Local Growth and monthly stock returns in the subsequent

quarter. Specifically, Column 1-3 include all retail firms that are more likely to have

customers substitute shopping in physical stores with online shopping, whereas Column

4-6 include restaurants, hotels, entertainment, as well as auto dealer and service firms. The

results indeed indicate that Firm Local Growth is associated with slightly higher stock returns

for firms with less exposure to e-commerce.

Taken together, the link between firm-level aggregate of regional economic conditions
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Table 2.9: Monthly Stock Returns and Firm Local Growth

Accessible online Not accessible online

(1) (2) (3) (4) (5) (6)

Firm Local Growth 0.607* 0.616* 0.605* 1.032** 1.011** 1.058**
(1.93) (1.94) (1.89) (2.11) (2.05) (2.14)

Accounting Controls N Y Y N Y Y
Return Controls N N Y N N Y
FE Month Month Month Month Month Month
R-sq 0.197 0.199 0.199 0.228 0.228 0.232
N 27027 26943 26912 10808 10642 10605

Notes: This table presents the regressions of monthly stock returns on Firm Local Growth of the previous quarter. Dependent
variable is monthly stock returns in the quarter after the one where Firm Local Growth is calculated. Accounting controls
include log firm size, log B/M, and leverage from the previous year. Return controls include monthly stock returns in the
previous month, as well as the stock returns over the past year, except for the most recent month. Standard errors are
clustered by month. Column 1-3 include all the retail firms, and Column 4-6 include all other types (restaurants, hotels,
entertainment firms, auto dealers and services). Robust t-statistics are reported in parentheses. *** p<0.01, ** p<0.05, *
p<0.1.

and firm performance studied in this paper can be imperfect due to measurement issues.

Nonetheless, the results in this section suggest that heterogeneity in firms’ location distribu-

tion, combined with local economic condition data, could be an important factor of firm

performance and a good predictor of stock returns in the short run.

2.4 Predicted Firm Local Growth and Cross-Sectional Stock Re-

turns

As explained in the previous section, calculating Firm Local Growth relies on quarterly data

on state-level economic growth. However, there is typically a lag of about 3 months from the

end of a quarter to the official data publication by the BEA. Hence, timely updated regional

economic data is essential in constructing a portfolio based on the lead-lag relationship

between Firm Local Growth and stock returns.

In this section, I present a simple method of predicting state-level income growth from

wage and salary growth in major private non-farm sectors, and show that a firm-level

aggregate of predicted state income growth — Predicted Firm Local Growth — does a fairly
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good job in predicting cross-sectional stock returns.

Figure 2.2: Part of Store Lists and Regional Maps of Macy’s Inc.

(A) An example of store list by location (2017)

(B) Maps of store locations in the Northeast Region (2017)

First, it is important to note that even without a comprehensive database like Infogroup,

store location information is often directly communicated with customers and investors,

and is relatively easy to access. Some companies tabulate the number of stores by state in

their annual filings. For example, Macy’s Inc. posts both store list and regional maps online
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(Figure 2.2). Moreover, for firms that do not have such detailed disclosure in their annual

reports, it is in general easy to obtain store locations by using store locators often directly

provided by the firms, or third-party tools such as Google Maps.

2.4.1 Predicting the firm local growth measure

BEA’s income data aggregates several sources of personal income. According to the past BEA

news release archives, the major income categories are non-farm wage and salary earnings,

farm income, government transfer receipt, and property income. Unfortunately, data for

all of these categories is published with a significant lag since a quarter ends.10 Therefore,

trying to forecast state-level income growth with public data is somewhat challenging.

Here, I combine two data sources to obtain timely updated quarterly wage and salary

earnings growth rates in each state, and propose a simple way to predict state-level income

growth before the data is officially published. Non-farm wage and salary earnings make up

the largest component of income. Specificially, it accounts for 50.8% of all income in 2016

(BEA (2017)). Therefore, wage and salary earnings growth may explain much variation in

income growth.

First, the Quarterly Census of Employment and Wages (QCEW) published by the Bureau

of Labor Statistics (BLS) since 1990 tabulates the number of people employed and their

aggregate wage in different industries in every state, and the detailed data is published

within two quarters after a quarter ends. Taking this delay into account, for each state s and

quarter q, I obtain the composition of total wage and salary earnings in different industries

from QCEW data for state s and quarter q� 3, and I denote the fraction of wage in industry

j, state s and quarter q as wj,s,q�3.

Second, I obtain monthly updated employment data for various private non-farm

industries from the Current Employment Statistics (CES). CES publishes employment data

by industry within two days after a month ends. I can then construct a timely updated series

10State-level farm income and government transfer receipt data is only published at annual frequency with a
time lag of about a year.
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of quarterly employment growth for the different industries as gj,q. The total quarterly wage

and salary growth for each state is then calculated as a weighted average of industry-level

employment growth, with the weights being the total wage and salary of these industries in

a state as of three quarters ago:

WageGrs,q = Âwj,s,q�3 ⇤ gj,q. (2.4)

The correlation coefficient between WageGrs,q and IncGrs,q is 0.37 from 1990 to 2016,

and is 0.42 from 1998 to 2016. Figure 2.3 plots this relationship from 1990 to 2016.11 To

use state-level wage and salary growth for forecasting income growth, I run the following

rolling regressions in an 8-year window (y� 8 to y� 1):

IncGrs,q = a + bWageGrs,q + es,q, (2.5)

and predict quarterly income growth \IncGrs,q for state s in year y. The variable WageGrs,q

is one-quarter wage and salary earnings growth in state s. The out-of-sample mean squared

error from this prediction is 1.40, and the correlation between the actual and the predicted

growth rates is 0.43. Figure 2.4 plots the relationship between the actual versus the predicted

state-level income growth rates. Specifically, the black (or darker) line represents a linear fit

between the predicted and the actual values, and the green (or lighter) line is the 45 degree

line. The two lines almost overlap each other. We can see that the predicted values are

more centered around the mean as expected, and this prediction performs worse for more

extreme actual income growth values. One possibility is that the more extreme values are

results of other idiosyncratic regional economic shocks such as farm income or property

income that are not captured by wage and salary earnings growth.

11Note that the wage growth measure constructed here only captures the growth from job creation. Unfortu-
nately, quarterly state-level data on wage increase for same jobs is not available to complete this calculation.
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Figure 2.3: Quarterly State-Level Income Growth and Estimated Wage and Salary Earnings Growth

Notes: Figure 2.3 plots the relationship between quarterly state-level income growth and the estimated wage and salary
earnings growth from 1990 to 2016. Wage and salary earnings growth rates are calculated by combining state-level wage
earnings by industry as of three quarters ago from QCEW and national employment growth rates by industry in the current
quarter from CES. The figure shows both the raw scatter plot as well as the linear fit.

2.4.2 Predicted Firm Local Growth and stock returns

I test whether a zero portfolio based on the spreads of firm exposure to predicted regional

income growth produces positive risk-adjusted alphas, and how it performs relative to a

portfolio formed by sorting on actual Firm Local Growth. Specifically, for each quarter, I sort

firms into deciles based on the actual and predicted Firm Local Growth in the previous quarter,

and form a portfolio by holding stocks in the top decile while selling short stocks in the

bottom decile. Table 2.10 presents raw and risk adjusted returns of both the equal-weighted

and value-weighted portfolios.

We can see that using the predicted measure, the zero-investment portfolio produces

monthly risk-adjusted equal-weighted returns of 64 to 71 basis points (with t-statistics
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Figure 2.4: Quarterly State-Level Income Growth and Estimated Wage and Salary Earnings Growth

Notes: Figure 2.4 plots the relationship between the predicted and the actual quarterly state-level income growth from 1998
to 2016. In each year, predicted quarterly income growth rates are obtained from eight-year rolling linear regressions of
actual quarterly income growth on wage and salary earnings growth from the previous eight years. The figure shows both
the raw scatter plot as well as the linear fit (the black line). The green (lighter) line is the 45 degree line.

Table 2.10: Tests of Portfolio Returns

(%) Raw Returns CAPM Alpha Fama-French Alpha Carhart Alpha
Actual Firm Local Growth Equal-weighted 0.69 0.69 0.68 0.71

(t-stat) (2.11) (2.08) (2.05) (2.10)
Value-weighted 1.31 1.32 1.29 1.34

(t-stat) (2.98) (2.98) (2.93) (3.03)
Predicted Firm Local Growth Equal-weighted 0.66 0.64 0.64 0.71

(t-stat) (1.95) (1.87) (1.86) (2.07)
Value-weighted 0.92 0.85 0.84 0.87

(t-stat) (2.25) (2.08) (2.04) (2.11)

Notes: This table presents results of the portfolio tests for both actual and predicted Firm Local Growth. At the beginning of
each quarter, stocks are sorted into deciles based on actual or predicted firm shocks. A portfolio is formed by going long
with the top decile and shorting the bottom decile. Raw returns and risk-adjusted abnormal returns are shown in the table.
The explanatory variables are the monthly market excess returns, returns of mimicking portfolios as in Fama and French
(1993), and the momentum factor in Carhart (1997). T-statistics are reported in parentheses.
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between 1.87 and 2.10), or 7.7% to 8.5% annually. The value-weighted portfolio yields

monthly risk-adjusted returns of 84 to 87 basis points (with t-statistics between 2.04 and

2.12), or about 10% annually. Benchmarked against the market portfolio and adjust for

the relative risk to that of the market portfolio, the Modigliani risk-adjusted performance

(Modigliani (1997)) is 80 and 90 basis points per month for the equal-weighted and value-

weighted portfolios using Predicted Firm Local Growth, respectively, which are 22-32 basis

points higher than the market returns in this period.

The results are not as strong as forming portfolio with sorting on actual Firm Local

Growth, but it provides evidence that the market has not fully incorporated the differential

impact of regional economic conditions on firms given their relative exposure to these

conditions, i.e. the relative number of stores firms operate in these regions. The prediction

accuracy may be significantly improved by employing more advanced prediction methods

and richer data. However, the goal here is to demonstrate that firms’ spatial distribution of

stores combined with local economic data can provide a profitable trading strategy, even

with a very simple prediction method.

It is worth noting that whether we sort on actual or predicted Firm Local Growth, the

value-weighted portfolio always leads to higher abnormal returns. As we have seen in the

Subsection 2.3.4, firms with more locations tend to be more difficult to analyze, leading to

higher impact of Firm Local Growth on their stock returns. Since the number of locations is

positively correlated with firm size (correlation coefficient = 0.57), Firm Local Growth also

tends to have a greater impact on larger firms. As a result, for stocks in the top and bottom

deciles of Firm Local Growth, the spread of returns is greater for larger firms, leading to

higher value-weighted portfolio returns.

The idea of using geo-location data in equity pricing is not new. Technology advances

have enabled both the collection and the analysis of large and complicated data. For example,

finance practitioners may use satellite images of various stores’ parking lots to estimate

the foot traffic of each location every day. Some data providers, such as Placed, Inc. and

StreetLight Data, Inc., track consumer locations via their smartphones to measure foot traffic
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at a business location. These higher-frequency data can be very useful in measuring store-

level performance, and hence firm-level aggregate performance. Combining more precise

measures of consumer behaviors with local economic conditions may further improve the

return predictions.

2.4.3 Predicted Firm Local Growth and earnings surprise

We have seen that the predicted measure of firm exposure to state-level income growth

positively predicts stock returns in the cross-section. However, so far it is unclear how the

positive information is communicated. In this subsection, I investigate the relationship

between earnings surprises and both actual and predicted Firm Local Growth, and whether

the higher stock returns associated with higher Firm Local Growth is concentrated around

earnings announcement days.

I use two measures of unexpected earnings news. The first one is an accounting measure

— quarterly Standardized Unexpected Earnings (SUE), which is defined as

SUEi,q =
EPSi,q � EPSi,q�4

ClosingPricei,q�4
(2.6)

for firm i in quarter q. The second measure is based on deviations of actual EPS from analyst

consensus estimates. Specifically, Earnings Surprise is defined as

EarningsSurprisei,q =
EPSi,q � MedianForecasti,q

StockPricei
(2.7)

where StockPricei is the closing stock price five days prior to the earnings announcement

(therefore a non-negative scale factor). For both measure, earnings announcement days

are determined by combining Compustat and IBES data. If an earnings announcement is

recorded in both data sets but the two records are inconsistent, then it is excluded from the

analysis. The specific rules are detailed in DellaVigna and Pollet (2009).

I then estimate the relationship between Firm Local Growth and the same-quarter SUE

and earnings surprise, which usually becomes public information in the quarter that follows.

Panel A and B in Table 2.11 presents the results for actual and predicted Firm Local Growth,
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Table 2.11: Earnings Surprises and Firm Local Growth

Panel A: Earnings Surprises and Actual Firm Local Growth
SUE Earnings Surprise 3-Day CAR

(1) (2) (3) (4) (5) (6)

Firm Local Growth 0.0824*** 0.0881*** -0.0231 -0.0111 -0.159 -0.228
(5.08) (5.64) (-0.67) (-0.33) (-0.67) (-0.94)

Controls N Y N Y N Y
FE Firm Firm Firm Firm Ann. Month Ann. Month
R-sq 0.0327 0.0556 0.0563 0.0408 0.0339 0.0362
N 7655 7197 4409 4103 8228 7624

Panel B: Earnings Surprises and Predicted Firm Local Growth
SUE Earnings Surprise 3-Day CAR

(1) (2) (3) (4) (5) (6)

Predicted Firm Local Growth 0.300*** 0.322*** -0.201* -0.135 -1.566 -1.819
(4.83) (5.53) (-1.75) (-1.19) (-0.88) (-0.93)

Controls N Y N Y N Y
FE Firm Firm Firm Firm Ann. Month Ann. Month
R-sq 0.0342 0.0571 0.0612 0.0436 0.0339 0.0362
N 7655 7197 4409 4103 8228 7624

Notes: This table presents the relationship between actual (Panel A) and predicted Firm Local Growth (Panel B) with stan-
dardized unexpected earnings (SUE), earnings surprises based on IBES, and the 3-day cumulative abnormal returns around
earnings announcement days. Earnings announcement days are determined by combining Compustat and IBES reporting
day information. Inconsistent data is excluded from the analysis using the rules in DellaVigna and Pollet (2009). SUE is
defined as changes of EPS relative to four quarters ago as a percentage of the previous quarter’s closing stock price. Earnings
Surprise is defined as deviations of reported EPS relative to the median analyst forecast, as a percentage of stock price 5
trading days ago. 3-Day CAR is calculated by estimating a market model during days -20 and -2, and calculating cumulative
abnormal returns during days [-1,1]. Standard errors in Column 1-4 are clustered by firm, and by announcement months in
Column 5-6. Robust t-statistics are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

respectively. We can see that higher Firm Local Growth is associated with higher quarterly

SUE, and the relationship is statistically significant but economically small in magnitude.

On average, a one ppt increase in Firm Local Growth is associated with 8 to 9 basis points

higher SUE, which is not very economically significant compared to the standard deviation

of SUE of 1.82%. In addition, a one ppt increase in Predicted Firm Local Growth is associated

with 30 to 32 basis points higher SUE and the relationship is also statistically significant but

economically small.

On the other hand, neither actual or predicted Firm Local Growth seems to predict

earnings surprise benchmarked to analyst forecast. In fact, the sign of the point estimates is

negative for Column 3 and 4 in both panels. Moreover, the relationship between Firm Local
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Growth and the 3-day CAR around earnings days is also noisy and negative.

These results show that both actual and predicted Firm Local Growth are positively associ-

ated with same-quarter SUE, which is an accounting-based measure. This can be interpreted

as higher Firm Local Growth having a positive impact on EPS growth. However, the noisy and

negative relationships between both actual and predicted Firm Local Growth and earnings

surprises benchmarked to analyst forecast and the 3-day CAR around announcement days

mean that the positive earnings news has likely been communicated to investors prior to

the actual earnings announcements. For example, some retailers and restaurant chains

voluntarily report their aggregate and same-store sales growth in monthly press releases

(Yang (2007)), hence some revenue information may be disclosed before the quarterly filings.

2.5 Past Regional Growth and Firm Investment

The results in Section 2.3 suggest that firm exposure to higher state-level economic growth is

positively associated with firm performance, both in terms of aggregate sales and earnings

growth and subsequent stock returns. Therefore, it is possible that regional economic growth

plays a role in corporate investment decisions. In this section, I investigate whether past

state-level income growth has an impact on firms expansion and contraction decisions, and

moreover, the implications on their future performance.

Factors that drive retail chain dynamics in terms of expansion and contraction are often

complicated in nature given firms’ different target consumers and competition with rivals.

Past studies have attempted to address some of these forces. For example, the industrial

organization literature often analyzes a small number of firms which offer similar products

and services, and study the firms’ strategic decisions to enter or exit a local market, taking

competitor strategies into account (e.g. Blevins et al. (2015), Zheng (2016)).

Local demographics and general corporate strategies can also be important determinants

in retail firms expansion and contraction. For example, a news article (Nassauer (2018))

published in the Wall Street Journal reports that Sam’s Club, a large warehouse retailer chain,
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plans to transform its business and “to target a single demographic: families with children

and annual incomes between $75,000 and $125,000.” Therefore, while acknowledging the

complexity behind these firms expansion and contraction decisions, in this section I only

attempt to study whether past regional growth is, if at all, a potential common factor that

drives such decisions.

I proxy for expansion and contraction using changes in the number of stores in each

state. Building a new store or closing an existing store usually takes a long time due to

the logistics involved. For example, building new stores often requires purchase or rental

of properties, construction, and hiring, while closing existing stores often involves a long

liquidation process. Therefore, throughout this section, I use past three-year state-level

income growth to study the relationship between corporate investment and past regional

economic conditions.

2.5.1 Persistence of state-level income growth

It is important to first examine whether state-level income growth is persistent over multi-

year horizons. If it is indeed persistent, then a investment strategy following past income

growth trend is sensible. Specifically, I examine the correlation between a state’s past 3-year

income growth and its future 1, 3, and 5-year income growth from 1998 to 2016.

Table 2.12: Persistence of State-Level Income Growth

1-Year Income Growth 3-Year Income Growth 5-Year Income Growth

(1) (2) (3) (4) (5) (6)

Lagged 3-Year Income Growth 0.0400*** -0.0527*** -0.00538 -0.279*** 0.0656 -0.359***
(2.79) (-3.04) (-0.12) (-4.75) (1.04) (-4.13)

Lagged Log Income -0.328*** -4.993*** -1.240*** -16.31*** -2.223*** -25.74***
(-3.36) (-12.01) (-3.23) (-8.23) (-3.17) (-7.42)

FE State State State
R-sq 0.0232 0.177 0.0393 0.396 0.0753 0.540
N 969 969 867 867 765 765

Notes: This table presents the relationship between lagged 3-year state-level income growth and 1, 3, and 5-year future
income growth from 1998 to 2016. Specifically, Lagged 3-Year Income Growth is calculated over year y � 4 to y � 1. The
dependent variables are calculated over year y � 1 to y, y + 2, and y + 4, respectively. Log Income[-1] is logged state-level
aggregate income as of year y� 1. Standard errors are clustered by state. Robust t-statistics are reported in parentheses. ***
p<0.01, ** p<0.05, * p<0.1.

85



The results are presented in Table 2.12. Column 1 suggests that past 3-year state-level

income growth is positively associated with future 1-year income growth. The relationship

is statistically significant, but economically negligible – a one standard deviation (or 6.76)

increase in past 3-year income growth is associated with about 0.27 percentage points higher

subsequent 1-year income growth, which is economically insignificant compared with the

mean 1-year income growth of 4.42. Column 3 and 5 present the relationship between past

3-year income growth and subsequent 3 and 5-year income growth. We can see that it’s

neither economically nor statistically significant.

Column 2, 4, and 6 focus on within state variations. The results suggest that within state,

there is a small and negative relationship between past 3-year income growth and future

income growth. A one standard deviation (6.76) increase in past 3-year income growth is

associated with about -0.35, -1.89, and -2.43 percentage points lower 1-, 3-, and 5-year future

income growth. While the magnitudes are not particularly large compared to the average of

4.42, 13.83, and 23.64 percentage points, the results suggest a statistically significant mean

reversion relationship in state-level income growth over a longer horizon.

These results imply that state-level income growth is not, or even negatively, related

to future growth over a multi-year horizon, and suggest that it might not be sensible to

extrapolate future regional economic conditions simply based on past growth trend. In

addition, some shocks to income growth could be completely unexpected. For example,

Gilje (2018) documents unexpected income windfall from shale discoveries, while Pierce and

Schott (2017) document negative regional income shocks associated with Chinese import

penetration.

2.5.2 Past 3-year state-level income growth and firm investment

Given the weak or negative autocorrelation in state-level income growth over multi-year

horizons, I examine whether a firm’s investment — in terms of changes in the number

of stores in a state — is related to the state’s past income growth trend. As mentioned

above, I use past 3-year state income growth as my measure of regional income growth to
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accommodate the fact that it may take more than one year for a planned store to be built up

or for complete liquidation of an existing store. I then estimate the following:

DStoreisy = a + bLagged3YearIncomeGrowthsy + Xi,y�1 + eisy.

That is, I study the relationship between the 3-year state-level income growth from year y� 4

to y� 1 and changes in the number of stores from year y� 1 to year y. Control variables

includes firm size and Tobin’s Q, both calculated from the fiscal-year end data as of the

previous year.

The model above is estimated on three subsamples. The first subsample includes only

new entries to a state. That is, it only considers changes in the number of stores in a

state where the firm did not have presence before. By definition, DStore is positive in this

case. The second subsample includes all changes in the number of stores that are not new

entries, i.e. where firms had previous presence. The third subsample takes the second

one and further conditions on firms having non-zero changes in the number of stores.

Details regarding the calculation of the changes in the number of stores can be found in the

appendix.

Panel A of Table 2.13 presents the results. Column 1 and 2 show that new entry to a state

is not associated with the state’s past income growth trend. On the other hand, Column

3 to 6 suggest that past state-level income growth is positively associated with changes in

the number of stores in that state, and the relationship is statistically significant (t-stats are

between 3.9 and 4.5). Specifically, a one standard deviation higher lagged 3-year income

growth is associated with about 0.2 new stores in the state during the next year, or about

17% compared to the mean of 1.2. If we further restrict to the non-zero changes, then the

number becomes about 0.45.

Overall, the results suggest that past state-level growth trend encourages investment,

but only if the firm has previous exposure in that state. In other words, “experiencing" the

past growth trend is more important than “observing."

Since income growth can be approximately decomposed into population growth and
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Table 2.13: Changes in the Number of Stores and Lagged State-Level Growth

Panel A: D number of stores and lagged 3-year income growth
D No. of Stores

(1) (2) (3) (4) (5) (6)

Lagged 3-Year Income Growth 0.0117 0.0123 0.0266*** 0.0259*** 0.0482*** 0.0447***
(1.27) (1.22) (4.25) (3.88) (4.54) (3.97)

Log Firm Size 0.0297 0.108** 0.0774
(0.34) (2.26) (0.94)

Tobin Q 0.0646 0.202*** 0.385***
(1.25) (5.54) (6.58)

Having Store in t-1 No No Yes Yes Yes Yes
D No. of Stores Positive Positive All All Non-Zero Non-Zero
FE Firm Firm Firm ⇥ State Firm ⇥ State Firm ⇥ State Firm ⇥ State
R-sq 0.273 0.290 0.207 0.213 0.206 0.212
N 2806 2430 115790 107964 67342 62729

Panel B: D number of stores and lagged 3-year population and income per capita growth
D No. of Stores

(1) (2) (3) (4) (5) (6)

Lagged 3-Year Population Growth 0.0724** 0.0820** 0.0686*** 0.105*** 0.150*** 0.210***
(2.18) (2.06) (3.24) (3.97) (3.74) (4.40)

Lagged 3-Year Income per capita Growth -0.00345 -0.00254 0.0237*** 0.0201*** 0.0403*** 0.0321**
(-0.43) (-0.28) (3.38) (2.89) (3.24) (2.59)

Log Firm Size 0.0331 0.123** 0.110
(0.38) (2.58) (1.37)

Tobin Q 0.0676 0.203*** 0.386***
(1.32) (5.60) (6.66)

Having Store in t-1 No No Yes Yes Yes Yes
D No. of Stores Positive Positive All All Non-Zero Non-Zero
FE Firm Firm Firm ⇥ State Firm ⇥ State Firm ⇥ State Firm ⇥ State
R-sq 0.276 0.294 0.207 0.213 0.206 0.212
N 2806 2430 115790 107964 67342 62729

Panel C: D number of stores and lagged 3-year income growth by sign of growth
D No. of Stores

(1) (2) (3) (4) (5) (6)

Lagged 3-Year Income Growth 0.0123 0.0134 0.0247*** 0.0243*** 0.795 0.836
(1.31) (1.27) (3.91) (3.58) (1.24) (1.06)

Log Firm Size 0.0275 0.109** 0.125
(0.32) (2.29) (0.12)

Tobin Q 0.0646 0.199*** -0.186
(1.25) (5.44) (-0.23)

Sign of Lagged Growth Positive Positive Positive Positive Negative Negative
Having Store in t-1 No No Yes Yes Yes Yes
D No. of Stores Positive Positive All All All All
FE Firm Firm Firm ⇥ State Firm ⇥ State Firm ⇥ State Firm ⇥ State
R-sq 0.272 0.289 0.209 0.215 0.946 0.947
N 2793 2417 114418 106627 1372 1337

Notes: This table presents the relationship between lagged 3-year state-level growth (from year y� 4 to y� 1) and changes in
the number of stores for each firm and state in from year y� 1 to y. Specifically, the results are from estimating the following
model:

DStoreisy = a + bLagged3YearIncomeGrowthsy + G0Xi,y�1 + qi,s + eisy.

Tobin Q is calculated as (total market value + total liability)/total asset. All items are Compustat fiscal year end data in the
previous year. Standard errors are clustered by state. Robust t-statistics are reported in parentheses. *** p<0.01, ** p<0.05, *
p<0.1.
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income per capita growth, I then examine whether firms respond differently to the two

components. Panel B of Table 2.13 presents the results. Column 1 and 2 again suggest that

neither component is significantly associated with firm’s entry decision into a state. On

the other hand, both components are positively associated with changes in the number of

stores for states where a firm has previous presence. Use estimates from Column 4 as an

example to compare the relative magnitudes, a one standard deviation (2.34) increase in

past 3-year population growth is associated with 0.25 more stores in a state, while a one

standard deviation (5.85) increase in past 3-year growth of income per capita is associated

with 0.12 more stores.

Panel C of Table 2.13 presents results of another decomposition — by whether past

income growth is positive or negative. This would allow me to separately study firm’s

likelihood to expand in response to positive growth, or to disinvest after seeing negative

growth. The results in Column 1-4 very similar to Panel A, due to the relatively few

occurrence of negative 3-year state income growth. Column 5 and 6 only yield noisy

estimates for the relationship between past negative income growth and changes in the

number of stores. However, the point estimates are very large — a 1 ppt lower 3-year

state-level income growth is associated with about 0.8 fewer stores. These are likely to be

concentrated liquidation during significant economic down times.

2.5.3 Firm investment sensitivity and future operational performance

So far in this section, we have seen that past state-level income growth does not positively

predict future growth over multi-year horizons. Nonetheless, firms with stores in a state

that experienced higher growth in the past tend to add more stores in that state. This points

to a question of whether managers over-extrapolate past regional growth trend in forming

investment strategies, and how it impacts firms’ future sales and profitability.

To examine the relationship between the tendency to expand or contract in response

to past growth trend and a firm’s future performance, I first construct a measure — Firm

Expansion Sensitivity — from past correlations between positive state-level income growth
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and changes in the number of stores in the state for each firm. I then use this as a proxy

for manager’s trend-chasing behavior following positive experience in local growth, and

evaluate how firm’s future performance is related to it. While a firm’s tendency to disinvest

following negative local growth is also an important factor for its future performance, a

similar measure for negative state income growth could not be reliably constructed due to

the few observations.

Formally, I run the following regression for positive past 3-year income growth separately

for each firm i on 2- to 5-year rolling windows:

DStoreiys = aiy + biyLagged3YearIncomeGrowthys + eiys. (2.8)

I keep the coefficients biy as the measure of Firm Expansion Sensitivity for each firm i in

year y. To exclude noisy estimates, I replace the coefficients biy to zero if it is not statistically

significant (p-value > 0.1).

Panel A of Table 2.14 shows that higher firm investment sensitivity to past state-level

income growth is associated with lower future sales growth, but only statistically significantly

so when the sensitivity measure is calculated from the 2-year rolling regressions. The

control variables in Panel A include current annual sales growth, as well as other firm

characteristics(firm size, market-to-book ratio, leverage, and profitability, all in year y� 1).

In particular, the current sales growth variable proxies for the stage of firm growth. The

point estimate in Column 1 suggests that controlling for firm’s position in its growth stage

and other firm characteristics, a one standard deviation (about 0.11) higher Firm Expansion

Sensitivity leads to 2 percentage points lower future 3-year sales growth in the cross-section,

or about 9% lower compared to the average. The results are consistent with the fact that

since state income growth predicts no or slightly lower future growth, and firms expanding

following positive past growth do not obtain higher future sales growth.

Although firms with higher expansion sensitivity to past growth do not obtain higher

sales growth, the relatively small correlation between past and future growth over a long

horizon suggests the possibility of firms becoming more profitable. The reason is that places
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Table 2.14: Firm Future Performance and Firm Expansion Investment Sensitivity to Past Growth

Panel A: Firm Expansion Sensitivity and Future 3-Year Sales Growth
Future 3-Year Sales Growth

(1) (2) (3) (4)

Firm Expansion Sensitivity (2-Year) -17.77**
(-2.37)

Firm Expansion Sensitivity (3-Year) -11.98
(-1.61)

Firm Expansion Sensitivity (4-Year) -10.65
(-1.42)

Firm Expansion Sensitivity (5-Year) -8.823
(-1.16)

Controls Y Y Y Y
FE Year Year Year Year
R-sq 0.315 0.291 0.284 0.272
N 2077 2089 2023 1917

Panel B: Firm Expansion Sensitivity and Future 3-Year Profitability Change
Future 3-Year Profitability Change

(1) (2) (3) (4)

Firm Expansion Sensitivity (2-Year) 3.193**
(2.19)

Firm Expansion Sensitivity (3-Year) 3.022**
(2.50)

Firm Expansion Sensitivity (4-Year) 3.218***
(2.68)

Firm Expansion Sensitivity (5-Year) 2.017
(1.46)

Controls Y Y Y Y
FE Year Year Year Year
R-sq 0.190 0.195 0.189 0.177
N 2075 2087 2021 1916

Notes: This table presents the relationship between a firm’s 3-year sales growth and its investment sensitivity to regional
income growth. Firm Sensitivity is estimated as the b coefficient in the 2 to 5-year rolling regressions DStorei,s = a +
biPast3YearIncomeGrowths + ei,s that are significant at 10% level, and the statistically insignificant coefficients are replaced
as 0. Standard errors are clustered by firm. Control variables include lagged dependent variable in the current year, log
firm size, log B/M, leverage, and lagged level of profitability. Robust t-statistics are reported in parentheses. *** p<0.01, **
p<0.05, * p<0.1.
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experienced faster growth in the past are now likely to have a higher level of income. If

cost of expansion in these high-growth states, e.g. wage and property rents, do not adjust

quickly, then it is possible that firms with high expansion sensitivity can become more

profitable by correctly identifying such places.

To test this, I run similar regressions as Panel A of Table 2.14, but replace the outcome

to changes in future 3-year profitability, measured as differences in EBITDA-to-asset ratio.

The results are shown in Panel B. For measures of expansion sensitivity calculated from

2- to 4-year rolling regressions, a one standard deviation higher Firm Expansion Sensitivity

is associated with about 0.35 to 0.42 percentage point higher profitability in the cross-

section. The effects are economically small compared with the standard deviation of 3-year

profitability change of 9% in this period, but are statistically significant. With sensitivity

calculated with 5-year rolling regressions (Column 4), the effect becomes noisy, but the point

estimate remains positive.

These results provide some evidence that firms that tend to expand in response to

positive past regional growth trend may obtain disappointing sales growth in the future,

given the low persistence in state-level income growth. However, such behavior also suggests

that managers may take advantage of richer information in local store growth trends, and

invest in places with higher income levels, leading to an increase in profitability.

I also further separately examine the relationship between firm expansion sensitivity for

positive and negative values of sensitivity. In order to keep a large enough sample, I keep

all sensitivity measured from Equation 2.8, including all coefficients that are not statistically

significant. Table 2.15 and 2.16 present results for future sales growth and profitability

change, respectively. While the results are very noisy, they suggest that when firms expand

following positive growth, their sales do not grow faster in the future, but profitability may

be higher. In contrast, when firms tend to disinvest following positive past growth, their

future sales growth can be a little higher, but their profitability changes are more negative.

The results further suggest that firms expanding following higher past growth may achieve

more efficient operation, and that managers may have under-weighted regional economic
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Table 2.15: Firm Expansion Sensitivity and Future Sales Growth

Panel A: Positive Firm Expansion Sensitivity and Future Sales Growth
Future 3-Year Sales Growth

(1) (2) (3) (4)

Firm Expansion Sensitivity (2-Year) 6.426
(0.62)

Firm Expansion Sensitivity (3-Year) 3.138
(0.26)

Firm Expansion Sensitivity (4-Year) -0.799
(-0.07)

Firm Expansion Sensitivity (5-Year) -0.305
(-0.03)

Controls Y Y Y Y
FE Year Year Year Year
R-sq 0.310 0.278 0.279 0.248
N 1241 1275 1268 1207

Panel B: Negative Firm Expansion Sensitivity and Future Sales Growth
Future 3-Year Sales Growth

(1) (2) (3) (4)

Firm Expansion Sensitivity (2-Year) -14.91*
(-1.70)

Firm Expansion Sensitivity (3-Year) -12.06
(-1.41)

Firm Expansion Sensitivity (4-Year) -0.463
(-0.07)

Firm Expansion Sensitivity (5-Year) 3.388
(0.48)

Controls Y Y Y Y
FE Year Year Year Year
R-sq 0.346 0.325 0.302 0.318
N 836 814 755 710

Notes: Table 2.15 presents the relationship between positive and negative Firm Expansion Sensitivity and future 3-year revenue
growth, respectively. Standard errors are clustered by firm. Robust t-statistics are reported in parentheses. *** p<0.01, **
p<0.05, * p<0.1.

conditions in investment decisions.

2.6 Conclusion

In this paper, I investigate the heterogeneous impact of regional economic growth on firms,

given their different distributions of locations in these regions. I construct a firm-level
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Table 2.16: Firm Expansion Sensitivity and Future Profitability Change

Panel A: Positive Firm Expansion Sensitivity and Future Profitability Change
Future 3-Year Profitability Change

(1) (2) (3) (4)

Firm Expansion Sensitivity (2-Year) 1.483
(0.95)

Firm Expansion Sensitivity (3-Year) 2.958*
(1.87)

Firm Expansion Sensitivity (4-Year) 2.729*
(1.79)

Firm Expansion Sensitivity (5-Year) 1.745
(0.96)

Controls Y Y Y Y
FE Year Year Year Year
R-sq 0.180 0.202 0.203 0.192
N 1240 1274 1266 1206

Panel B: Negative Firm Expansion Sensitivity and Future Profitability Change
Future 3-Year Profitability Change

(1) (2) (3) (4)

Firm Expansion Sensitivity (2-Year) 2.294
(1.61)

Firm Expansion Sensitivity (3-Year) 2.046
(1.31)

Firm Expansion Sensitivity (4-Year) 1.040
(0.76)

Firm Expansion Sensitivity (5-Year) -0.651
(-0.37)

Controls Y Y Y Y
FE Year Year Year Year
R-sq 0.232 0.209 0.174 0.168
N 835 813 755 710

Notes: Table 2.16 presents the relationship between positive and negative Firm Expansion Sensitivity and future 3-year revenue
growth, respectively. Standard errors are clustered by firm. Robust t-statistics are reported in parentheses. *** p<0.01, **
p<0.05, * p<0.1.

aggregate of quarterly state-level income growth, Firm Local Growth, and show that it is

strongly and positively associated with sales and EPS growth in the same quarter, as well

as monthly excess stock returns in the subsequent quarter. Moreover, the impact on stock

returns appear to be higher for firms as large chains, suggesting that the complexity involved

in analyzing larger chains may result in slower information incorporation in stock prices.

I then combine quarterly wage and timely updated employment data to obtain predic-
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tions of state-level income growth, and analogously predicted firm-level aggregate of such

predicted regional growth. A long-short strategy with the top and bottom deciles of the

Predicted Firm Local Growth yields predictable abnormal returns.

Lastly, I examine the relationship between past 3-year state-level income growth and

firms’ expansion and contraction in those states. I find that, although past state-level

income growth does not associate with future income growth positively over multi-year

horizons, firms have a tendency to incur positive net investment in response to higher past

growth trend. Moreover, firms that exhibit higher tendency to do so experience lower future

sales growth but higher profitability, suggesting that managers may achieve more efficient

operations by expanding in high-growth regions.
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Chapter 3

Signaling, Shame, and Silence in

Social Learning

1

3.1 Introduction

Even a fool, when he holdeth his peace, is counted wise; and he that shutteth his lips is
esteemed as a man of understanding.

Proverbs 17:28

Information and advice from others can be crucial in making people aware of oppor-

tunities and guiding them to better choices—at work, in financial decisions, and in many

other situations (Duflo and Saez, 2003; Jensen, 2010; Cole and Fernando, 2014). Indeed,

various interventions and policies—especially in environments where formal information

channels are missing or unsuited to people’s needs—seek to leverage social learning in

order to spread information widely.2 An important consideration is that to learn something,

1Co-authored with Arun Chandrasekhar and Benjamin Golub

2Examples in the context of economic development include financial and agricultural extension (Conley and
Udry, 2010; Banerjee et al., 2013; Beaman et al., 2018).
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a person often needs to ask. This action of asking for or seeking information, in turn, is

endogenous and may be inefficiently inhibited.3

We surveyed 122 villagers in rural Karnataka, India about their social learning practices

and what inhibitions they face. We focused on several topics: financial products, farming

practices, and health decisions. First, the survey revealed that active learning was consider-

ably less common than passive learning: 49% reported actively asking friends in their village

for information on these topics; meanwhile, 95% reported hearing such information from

friends without asking4 and 90% from media sources (newspapers, TV, and Internet sources).

Second, and more importantly, we found that 88% of the time, respondents reported that

they felt a limit on the number of times they could approach a member of their community

for information; in 64% of these cases, they reported that the cause of their reluctance was a

desire not to appear uninformed or weak. These responses suggest that people trade off the

value of seeking information against concerns about their image, and that there may be a

social stigma of asking questions.

An essential feature of such an inhibition is that it involves others’ beliefs about the

asker—for instance, whether he is a competent, self-sufficient, or hardworking person.

There are two mechanisms by which the prospect of bad assessments may inhibit people—a

distinction that goes back at least to Goffman’s (1963) seminal study of social stigma. One

mechanism—a signaling concern—is about managing others’ beliefs. For instance, a pupil

concerned about how others perceive him may be reluctant to ask a teacher or a peer basic

questions about an assignment, fearing that this person could infer that the pupil is slow or

lazy.5 But there is another way stigma can inhibit interaction, which is not about managing

beliefs but managing interactions in view of compromised beliefs. To illustrate, the pupil in

the example may simply dislike interacting with those who have a negative assessment of

3For modeling of other endogenous decisions that enable information flow, see Niehaus (2011), Acemoglu
et al. (2014), Galeotti et al. (2013), and Calvo-Armengol et al. (2015).

4E.g., in conversations initiated by others, or by hearing others’ conversations.

5See Bénabou and Tirole (2006) for a seminal model of social signaling in a variety of contexts, with an
emphasis on self-signaling. The effects of signaling in an educational context have recently been studied by
Bursztyn et al. (2016).
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him, no matter how this assessment came about. In particular, such feelings can occur even

when signaling concerns are irrelevant, because a bad attribute (such as a pupil’s ignorance)

is apparent to a potential “Advisor” (such as a teacher) irrespective of his seeking decision.

We may call this type of inhibition shame. Signaling and shame can both stigmatize the

asking of questions. Moreover, their effects depend in subtle ways on the distribution of

ability (or other prized attributes) across a population, and people’s assessment of others on

those dimensions.6

In this paper, we focus on two questions. First, does a stigma of asking questions

meaningfully inhibit learning? How does it compare with frictions arising from other

salient social boundaries in the community (such as caste)? Second, what are the roles and

magnitudes of the constituent parts of stigma? Understanding which forces matter—and in

which relationships—is especially valuable in understanding how stigma reacts to changes

in policy. For instance, strategic signaling concerns can be alleviated by facilitating interac-

tion between people who already know each other’s abilities well, reducing information

asymmetries in one’s ability. Shame and related obstacles, on the other hand, could be

worsened by such an intervention.

In Section 3.2 we present a model of a decision about whether to seek advice, which is

designed to distinguish the two components of stigma introduced above and study their

distinct but overlapping effects. In the model, a Seeker (he) is deciding whether to ask a

question of an Advisor (she), who may be uncertain about the Seeker’s ability. The Seeker

cares about (i) the instrumental payoff of getting advice, which may depend on his own ability;

(ii) a reputational payoff based on the Advisor’s belief about his ability, which is affected

by his seeking decision because of (i); and, finally, (iii) an interaction payoff arising from

6Goffman’s (1963) discussion of the two forces distinguishes the situation of the “discreditable,” who is
inhibited by the possibility of revealing a bad attribute, and the “discredited,” who is inhibited by the knowledge
that is already possessed by those he may interact with; see also his analysis of self-presentation and “face” in
Goffman (1959, 1967). In naming shame, we are guided by psychological studies of the self-conscious emotions,
which define shame as involving “negative feelings about the stable, global self, (‘I’m a dumb person’),” (Lewis,
1971; Tracy and Robins, 2007), concern about being judged as deficient, and social withdrawal and concealment
of the defective self (Lindsay-Hartz, 1984; Wong and Tsai, 2007). We discuss these connections further in Section
3.2.2.
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the social interaction in which the advice is sought, which also depends on the Advisor’s

assessment of the Seeker’s ability. The reputational payoff creates signaling concerns while

the interaction payoff brings in the possibility of what we have called a shame effect. We

use the model to derive predictions about the behavioral consequences of the signaling

and shame effects. The model shows that the two effects are different in how they operate,

and how they depend on priors and information. The signaling effect will not be present

if information about ability is symmetric—for instance, if a Seeker’s low ability is evident

regardless of his seeking decision. On the other hand, the potential for an interaction

made unpleasant by the Advisor’s adverse beliefs about the Seeker is strengthened when

low ability is obvious. The two effects therefore imply different responses to changes in

the environment. Importantly, in a signaling model that does not include the interaction

payoff, estimates of the signaling effect can be seriously biased. The model permits us to

articulate these observations and set the stage for our empirical analysis of signaling and

shame effects in an experiment. At a technical level, by using a smooth distribution of the

(privately known) instrumental value of seeking, we obtain simple equations characterizing

equilibrium, which are suited to structural estimation, as we discuss below.

Our experiment varies both whether there is scope for signaling in the task (whether

ability matters), and what the Advisor knows about the Seeker. The treatment arms activate

signaling and shame concerns in different ways (and sometimes not at all), which allows us

to assess their distinctive contributions to inhibiting information-seeking. We now describe

the experimental setting, which is presented in full in Section 3.3. The experiment takes place

in Karnataka, India, across 70 villages with 1247 total subjects. The main decision-maker in

the experiment is a Seeker. Our goal in conducting the experiment in the field is to situate

the act of getting information in a context similar to typical informational interactions in our

subjects’ lives. On the first day of the experiment, the Seeker is told that on the third day, he

or she will have the opportunity to win a prize by guessing which of two boxes contains
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it.7 The Seeker has a choice about how to get clues about which box is correct. He or she

is entitled to a certain number (k) of clues (independent hints that are correct with some

probability). There is also an alternative option: the Seeker can opt to access a larger number

of clues (some number k0 > k, which the seeker is told). This option, however, requires

a physical visit to a named individual—the Advisor paired to that particular Seeker—to

obtain a voucher for the clues. The Seeker has three days to do this, before we draw the

clues and elicit the guess on the third day.

There are two treatment arms: {Random,Skill} and {Private,Revealed}. Treatment is

randomly assigned at the village level. The first arm varies whether k, which determines

the Seeker’s valuation of advice,8 is Random or based on Skill. In the Random treatment, k is

independent of any attribute of the Seeker. In the Skill treatment, it is proportional to the

Seeker’s performance on a cognitive ability test (a simple version of Raven’s Progressive

Matrices). The second arm varies whether the Seeker’s ability score and identity are kept

Private or Revealed by us to the Advisor, irrespective of the Seeker’s actions. Importantly, in

both arms, the Seeker and the Advisor have both been made familiar with the test, all the

rules of the game, and how k is determined—though the actual realized value of k is known

only to the Seeker.

The outcome we focus on in our analysis is the Seeker’s decision of whether to forgo

his or her own clues in order to visit the paired Advisor over the course of the three days.

In our main analysis, we hold fixed a low-ability Seeker, his or her need for information

(k, own clue count), and the quality of advice to be received (k0, Advisor’s clue count).

Thus, we compare behavior across individuals with the same attributes.9 By comparing

seeking rates across treatments, we measure the effects of stigma—both signaling and shame

7The prize, which is a lottery over a mobile phone and various cash amounts, has an expected value of over
a day’s wage.

8The other number, k0, is independent of any attribute of the Seeker or the Advisor.

9We focus on low-ability seekers because, in the Skill treatments, they are the ones who have few clues and
therefore need to seek. If we had conditioned only on having a low clue count, a complication would be that
the composition of this group varies across treatments: in the Skill treatment it consists only of those with a low
ability score, but in the Random treatment there is a representative mix of ability scores.
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inhibitions—and analyze how these two forces depend on the circumstances. We now give

an overview of the key effects we set out to measure and the measurements we obtain of

them. These are presented in detail starting in Section 3.4.

We focus on the the stigma of seeking information that is caused by need being ability-

dependent. We measure this as the reduction in seeking rates when we go from the (Random,

Private) to the (Skill, Private) treatment. We observe a large decline in the probability of

seeking (55%). This is the effect we are most interested in practically, as it reflects the

inhibition that arises when ability is implicated in a task. What accounts for the reduction?

When a Seeker chooses to seek in (Skill, Private), the Advisor’s belief that the Seeker has

high ability moves from the prior to a lower posterior. (In our data, the imputed reduction

in the belief turns out to be approximately 9pp, on average.) As we have discussed above,

the reduction in seeking could come from the signaling effect (to avoid this drop in beliefs),

the shame effect (to avoid interaction given this drop), or a combination.

Thus, the next step is to examine magnitude of the shame inhibition. Our basic mea-

surement of shame is the comparison of (Random, Private) to (Random, Revealed)—a

comparison in which there is no room for signaling to play a role. We see a 65% decline

in the probability of seeking advice for a low-ability Seeker, holding everything else fixed.

Note that in this case, the Advisor completely learns that a Seeker has a low ability score

(when this is the case), so her beliefs that the Seeker is of high ability move from her prior

to a zero probability. This is much greater than the movement that is typically caused by

signaling that one has a lower ability than the Advisor thought—which ordinarily does not

result in certainty ex post. Thus, while this difference allows us to identify the presence of a

shame effect, we must be careful in scaling this number to assess how much of the stigma

effect discussed in the last paragraph is due to shame.

By placing more structure on the problem—making parametric assumptions on payoffs

and distributions of shocks—we can address these issues. To our knowledge, there is little

structural estimation of signaling in social behavior.10 Since in an experimental setup we are

10See Fang (2006) for a structural approach in the classical context of job market signaling.
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able to directly compare seeking rates by type in (Random, Private), (Skill, Private), and

(Random, Revealed), we can estimate the model’s parameters. We find that both signaling

and shame effects are sizeable, and the signaling disutility is eight times the size of the

shame disutility for the same change in beliefs under our structural assumptions, which is

consistent with the reduced-form results.

In Section 3.5, we turn to the dependence of the effects on social structure. With detailed

data on all respondents’ network links, as well as their subcastes, we study whether stigma,

signaling, and shame vary with the social distance between the Seeker and the Advisor. We

find that the main deterrent among those who are linked or of the same caste is shame. For

instance, there is an 81% decline (16.3pp on a base of 20.1%) in the probability of seeking due

to the shame effect among co-caste members. Building on our structural exercise, we find

that signaling effects among the socially proximate are small and not statistically different

from zero. This is consistent with the fact, which we document, that the socially proximate

have stronger priors about each other’s abilities. These stronger priors leave less room for a

signaling effect. Meanwhile, among the socially distant (strangers or individuals of different

castes), the signaling parameter is much larger than the shame parameter, indicating that

signaling is the dominant force.

Taken together, our findings suggest that the endogenous formation of a communication

network in a given social environment will depend in subtle ways on the kind of information

being shared and associated signaling and shame concerns. These can create sizeable

distortions in who talks to whom and in whether information can flow between different

parts of the community at all.

Signaling and shame operate differently and have different practical implications. We

point out various implications in Section 3.6. One of them is that reputational distortions

are more transient, while interaction payoff frictions are potentially more persistent. This is

because the updating of beliefs resolves uncertainty and limits future signaling concerns,

whereas shame need not be self-limiting in this way.
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Moreover, the forces we have identified can have considerable implications for the

outcomes of information exchange and aggregation processes, and policies related to them.

Consider, for example, how policymakers may attempt to spread information. One practical

strategy is to offer a private learning environment that avoids the stigma concerns we have

discussed. This has recently been implemented in the experiment of Cole and Fernando

(2014) via a “hotline”—a remote consulting service for production advice. If farmers can

call in to request information without their actions being observed by peers, there is less

room for strategic signaling concerns to operate. Thus, in addition to the other benefits of

providing expert advice, endogenous seeking behavior may be more favorable for learning.11

Another aspect of information dissemination strategy is whether to broadcast infor-

mation to everyone in a community (e.g., via a loudspeaker or the radio) or to provide

information to a small set of seeds (e.g., via an extension program). Beyond their direct

impact on who is informed, these policies can affect stigma concerns and thus seeking

behavior: Broadcasts typically make it common knowledge that everyone was informed,

while seeding interventions often make it common knowledge that only a few people have

new information. Thus, in the broadcast case, needing clarification can be a signal of being

unwilling or unable to learn on one’s own. Signaling inhibitions can arise around this.

Therefore, if social learning is an important part of comprehension, broadcasting can actually

lead to less conversation and less knowledge. Banerjee et al. (2018) apply this perspective

to study an information intervention during the 2016 Indian demonetization, where how

information was delivered to villages was varied. We discuss further in Section 3.6.

Related Literature

One literature that this paper relates to, as we have already mentioned, focuses on image

concerns in information/skill acquisition (Fryer and Austen-Smith, 2005; Bursztyn and

Jensen, 2015; Bursztyn et al., 2016). Spence’s (1973) seminal study of signaling focused

11On the other hand, in principle a shame inhibition can still operate even in an interaction with a remote
consulting service, though may be lower.
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on education. The perspective there was that seeking education is a signal (to potential

employers, for instance) of a high ability, since education has lower costs for more able

types. More recently, researchers have studied signaling concerns that can deter information-

seeking, especially in the context of education. Fryer and Austen-Smith (2005) examine a

dual-audience signaling model, where the signal that the labor market rewards may be

one that an agent’s local community penalizes: having a relatively high type from the

perspective of the labor market can correspond to having a relatively low “social type,”

which is what peers care about. Of course, peers may also reward signaling high ability.

Bursztyn et al. (2016) (henceforth BEJ) perform carefully designed experiments in three

schools designed to empirically examine whether peer perceptions inhibit the seeking of

education. They find that the type of community matters a great deal for the mechanism of

a signaling effect: In one type of school, students are concerned with avoiding signaling low

ability, while in another, they are reluctant to reveal a disposition to exert high academic

effort. We parallel BEJ in distinguishing subtly different effects: the reputation-based and

interaction-based distortions to asking. These are quite different in terms of their economics

and policy implications (as we discuss throughout) but may be confounded. In terms of

practical focus, the signaling is bilateral—the signaling occurs in a pairwise interaction (as

opposed to public in BEJ) and thus quite sensitive to the nature of the relationship between

the people involved—a dependence we explore in detail. Finally, in terms of empirical

design, we study the signaling and shame effects across many communities (70 villages),

with treatment being assigned at the village level.12 This allows us to deal with the fact that

within a cluster (a village or a school), there may be common shocks or other correlations.

We conduct inference with suitable clustering to identify how properties of the task (e.g.,

whether ability is relevant) and the pairwise relationship in question (e.g., whether two

people are friends) affect signaling and shame concerns.

More broadly, within economics, we relate to recent empirical literatures which focus on

12I.e., we tell the same rules to all individuals in the village (e.g., that skill is relevant to the task, if it is a
Skill treatment village). At the same time, the task is uniquely labeled for every Seeker-Advisor pair, so the
interaction still occurs at a pair level.
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signaling, image, and status in a number of domains: conspicuous consumption (Charles

et al., 2009; Heffetz, 2011), commercial transactions (Goldfarb et al., 2015), productive effort

(Besley and Ghatak, 2008; Ellingsen and Johannesson, 2008; Ashraf et al., 2014), professional

education (Bursztyn et al., 2017), and political behavior (DellaVigna et al., 2016), among

others. The survey of Bursztyn and Jensen (2017) offers a comprehensive overview. In

Section 3.2.2 we discuss how the payoffs we model relate to important literatures in sociology

and psychology on stigma, signaling, and shame.

Our paper relates to a separate literature on information flow and learning in networks

(Conley and Udry (2010); Banerjee et al. (2013); Kremer and Miguel (2007); Foster and

Rosenzweig (1995); Beaman et al. (2018)). Though exogenous transmission of information is

a common baseline assumption, Niehaus (2011) argues that social learning endogenously

filters information due to individuals’ incentives to pass information or not. We focus

on the other side of this interaction: Agents in our setting take an active decision to

obtain information from a peer. Since this decision is shaped by agents’ attributes and

signaling/shame concerns, our analysis suggests new sources of inefficiency and new

externalities that are relevant to deciding whether organic communication will spread

information successfully. This ties into recent work on endogenous network formation that

has studied networks formed in equilibrium (Galeotti et al., 2013; Calvo-Armengol et al.,

2015) and conditions for learning to occur in them (Acemoglu et al., 2014).

3.2 Model

We formulate a simple model of decisions to seek information in the presence of reputational

and interaction payoffs.

3.2.1 Environment

The model focuses on a decision taken by an agent called a Seeker. The Seeker either does or

does not have a choice to make: for instance, an opportunity to invest in a new technology.

With probability q := P(C = 1), the Seeker does have a choice and hence has a demand
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for information. (The uncertainty here captures the fact that people do not always need

information, and so there may not be much to infer from their not seeking it.)

Conditional on having a demand for information, the Seeker has a decision, d 2 {0, 1},

to make: whether or not to seek advice from an Advisor, where d = 1 represents seeking.

This is the key decision we focus on. The Seeker has an expected instrumental payoff, V(1),

of seeking; we normalize the instrumental payoff of not seeking to V(0) = 0 and will often

abbreviate V(1) as V. The quantity V is the increase in expected payoff (from later making

the choice, e.g., an investment) that is obtained by seeking advice, net of all immediate

material costs incurred to actually seek it (e.g., the opportunity cost of time). The payoff

V is privately known to the Seeker.13 From the perspective of others, V is random. Its

distribution depends on the Seeker’s ability (or skill) type, a 2 {H,L} (high or low).14 Let Fa

be the c.d.f. of V for a Seeker of ability a, and let Ga be the complementary c.d.f.

The Advisor (she) has a prior about the ability, a, of the Seeker (he): p := P(a = H).15

The Advisor observes the decision, d, of whether to seek. If there is asymmetric information

about the Seeker’s ability (i.e., if the Advisor does not know a), then the Advisor will update

her beliefs about it based on the Seeker’s decision. The Seeker cares about this updating,

potentially in two ways, which we now discuss.

The Seeker’s full utility, as a function of whether he chooses to seek (d = 1) or not (d = 0)

is

U(d) = V(d)| {z }
instrumental

+ j (P(a = H | d))| {z }
reputational

+ d · y (P(a = H | d))| {z }
interaction

, (3.1)

and involves three kinds of payoffs. From left to right we label these terms the (i) instru-

mental payoff; (ii) the reputational payoff; and (iii) the interaction payoff. We have discussed

13Of course, the realization of V need not resolve all uncertainty regarding the value of information or the
cost of getting it: it is simply an expectation based on the Seeker’s private information of his need for advice
and other relevant facts.

14The binary-type simplification makes for a simpler and more intuitive exposition. The theory extends
readily to more types.

15This is the belief that a = H conditional on the Seeker having the chance to seek information (C = 1). In
our experiments, we will see that this prior is varied by revealing or not revealing the Seeker’s identity and
score on the ability test.
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the instrumental payoff. The reputational payoff corresponds to the the Seeker caring about

P(a = H | d), the Advisor’s assessment16 of the Seeker’s ability, which is evaluated in view

of the Seeking decision d. Finally, there is the interaction component, which reflects that the

Seeker may derive more or less utility from the seeking interaction with the Advisor that

occurs when d = 1 depending on what the Advisor thinks of him during that interaction.

We discuss the interpretations and foundations for these payoffs below in Section 3.2.2.

We assume that both j(·) and y(·) are continuous, increasing, and bounded functions

[0, 1] ! R. We also maintain the assumption that y(p) = 0—there is no distortion from the

shame term when the assessment of the Seeker is the same as the prior. We will discuss the

interpretation of this assumption below.

For any function f depending on d, define D f (d) = f (1)� f (0) and then rewrite (3.1) as

DU(d) = DV(d) + Dj (P(a = H | d)) + y (P(a = H | d = 1)) . (3.2)

This clarifies the difference between the reputational and interaction parts of the payoff:

reputational payoffs are about Dj, i.e., about changing the beliefs of the Advisor by changing

his information from d = 0 to d = 1 (indeed, if j is linear, this part is simply proportional

to the change in beliefs). In contrast, the interaction payoff makes this instance of seeking

advice more or less pleasant depending on the final level of the Seeker’s belief, irrespective

of whether or how that level is changed by the Seeker’s decision.

Under the assumptions we will make later, both the reputational and interaction terms

will deter seeking.17 In our context, the part of the decrease caused by the j term is called

the signaling effect on seeking, while the part caused by the final d · y term is the shame effect.

The assumption that y(p) = 0 amounts to saying that when the Seeker does something

(e.g., seeking) that lowers beliefs below the prior, the contribution to his payoff is negative.18

16Here we follow a standard and tractable parameterization—see, e.g., Bernheim (1994), Bénabou and Tirole
(2006), and Ali and Lin (2013).

17That is, there would be more seeking, uniformly across individuals’ types, if either j or y were set to zero.

18This is essentially without loss of generality—relaxing the assumption would shift seeking payoffs by a
constant.
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The total of the two terms (on payoffs or seeking rates, depending on context) will be

called the stigma effect. We discuss these terms and their interpretations further in Section

3.2.2 below.

A tuple of primitives
�
p, q, (Fa)a2{H,L}, j,y

�
is called an environment.

3.2.2 Interpretation

Our focus is on situations where a behavior or trait is stigmatized. An especially clear

distinction between the signaling and shame parts of stigma is drawn in Goffman (1963):

“The term stigma and its synonyms conceal a double perspective: does
the stigmatized individual assume his differentness is known about already
[or not]? In the first case one deals with the plight of the discredited, in the
second with that of the discreditable. This is an important difference, even
though a particular stigmatized individual is likely to have experience with both
situations.” (Goffman, 1963)

Goffman and the literature that has followed him (see, e.g., Scambler (1998); Page (2015)) have

emphasized that both kinds of concerns prompt the deliberate management of interactions,

but in different ways and with different consequences. Modeling the preferences underlying

such behavior immediately leads to the payoff terms we have described above—in particular,

an interaction term in addition to a signaling term. The specification (3.1) highlights that

the payoffs underlying these concerns may differ in their magnitudes, and these differences

will be important in understanding both behavior and reaction to policy. We now discuss

these terms in turn.

Reputational payoff

The reputational payoff reflects the Seeker’s concern with managing the Advisor’s beliefs.

One simple foundation for this, and one that we believe is relevant in many applications, is

that the Seeker will have access to materially valuable future opportunities if the Advisor

thinks well of him. (Appendix C.4 fleshes this out and relates it to our functional forms.)

Alternatively, the reputational term may come simply from a hedonic valuation of others’
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esteem, aggregated over the time during which their assessment of the Seeker will be

relevant. In the introduction, we have mentioned some entry points into the extensive

literature on reputational concerns and signaling effects, so we will not reiterate that here.19

Interaction payoff

The interaction payoff, in contrast, pertains only to the particular act of seeking that the

decision d controls; it describes the utility of the actual engagement as a function of how the

Advisor will be assessing the Seeker. The associated payoffs have several psychological

interpretations. Earlier, we labeled the inhibition associated with a negative interaction

payoff (for low-ability types) as shame. This is likely to be the more apt interpretation when

the question at hand or the knowledge required is basic in the relevant context: For example,

few people in a literate community take special pride in the ability to read directions, but

illiterate people are often ashamed that they cannot.20 However, in other cases the more

natural description is that the interaction term captures pride in being seen to have a trait

that is especially good. The shame interpretation ties into a literature in psychology. This

literature views shame as a negative emotion prompted by one’s own inadequacies. As we

mentioned in the introduction, shame is seen as relating to persistent aspects of the self,

such as intelligence, subject to external evaluation and judgment. Shame is especially salient

with respect to social interactions, and when it is activated, social withdrawal often occurs

(Tracy and Robins, 2007; Wong and Tsai, 2007).21

There is also freedom of interpretation as to whether the interaction payoff comes to the

19As is often the case, reputational concerns can be reinterpreted through the lens of self-signaling (insofar
as the act of seeking serves as a memorable reminder of one’s ability). Within our experiment, because ability
score is always clearly revealed to the Seeker, our interpretation is that external reputation concerns are likely
the dominant ones there.

20In our empirical analysis, we study the deterrent for those who performed badly on the cognitive ability
test, which seems to fit in this category.

21There is increasing evidence that interactions themselves may affect utility in a trait-dependent way, even
when traditional reputational concerns seem hard to rationalize. To take just two examples, in Goldfarb et al.
(2015), shoppers are shown to avoid an interaction with a cashier where they may have to mispronounce a
product name; in Andreoni et al. (2017), conditional on not giving to charity, people are shown to value not
having an interaction in which that choice is salient.
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agent from an external source or from within. In the external case, the payoff may arise

from how the Advisor treats the Seeker in view of his inferred ability (to take an extreme

example, explicitly shaming or praising him). In the internal case, it comes from how the

Seeker feels about the situation of asking, even if the interaction is not visibly affected by the

Advisor’s beliefs. The interaction payoff in practice is likely to be a combination of these.22

Note, however, that this part of the payoff must be related somehow to this particular act of

seeking. If the Seeker feels bad about his low ability irrespective whether he seeks or not,

that is not reflected in his interaction payoff. It would, instead, be a separate, d-independent

term in (3.1), which we omit from our analysis as it does not affect the decision to seek.23

3.2.3 Basic analysis

We will study the Bayes-Nash equilibria of our model. This is a specification of behavior

in which the Seeker is best-responding to a given belief-updating function of the Advisor,

and this belief updating is consistent (in the sense of Bayesian inference) with the actual

behavior of the Seeker.24

We make an assumption about how the privately known value of seeking, V, compares

across the two types. Recall that the c.d.f. of this random variable a Seeker of ability a is Fa.

Assumption 1. FL first-order stochastically dominates FH, and it does so strictly, in the sense

that FL(v) < FH(v) for every v.

This says that the value to low-ability types from seeking exceeds (in distribution) the value

22Adam Smith’s discussion of image concerns (Theory of Moral Sentiments, I.iii.2) is at least partly about
interaction payoffs, as opposed to instrumental signaling. He argues that the main motive of “bettering our
condition” is “to be observed. . . to be taken notice of with sympathy. . . and approbation”—a sentiment he calls
vanity. He stresses the value of basking in the positive assessment of others, beyond securing their good opinion:
“The rich man glories in his riches” and “has, every moment, an opportunity of interesting mankind, and of
rendering himself the object of the observation and fellow-feeling of every body about him”). Similarly, (lack
of) social image is seen as a constant source of pain for the disadvantaged: “The poor man, on the contrary, is
ashamed of his poverty. . . . [Others] turn away their eyes from him, or if the extremity of his distress forces
them to look at him, it is only to spurn so disagreeable an object from among them.”

23Our experiments always make comparisons within ability type, differencing this variation out.

24One interpretation of this two-player game is as an Advisor facing a population of Seekers, with a
distribution of valuations and attributes. The formal definition of the solution concept is in Appendix C.1.1.
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to high-ability types; they need help less. For example, a less able farmer may have more

difficulty using a new fertilizer without help. A less intelligent or experienced student may

need help making sense of instructions. In addition, high-ability types may face higher

opportunity costs of time, which is part of V (the net material value of seeking).

This assumption corresponds to our focus on “basic” questions, and holds by construc-

tion in the experiments we conduct.25

Before proceeding, we make a technical assumption to simplify the analysis.

Assumption 2. For both ability types a 2 {H,L}, the random variable V has an atomless

distribution (i.e., its c.d.f. Fa is continuous) whose support contains the positive reals (i.e.,

Fa(v) < 1 for all v > 0).

The first basic result is:

Proposition 1 (Equilibrium Existence and Characterization). Under Assumption 2, an equilib-

rium exists and every equilibrium is in cutoff strategies, where an agent seeks if and only if V � v

for some v.26 An equilibrium is characterized by a cutoff v (used by all Seekers, independent of the

value of a) which is a solution to

v = j (Pv(a = H | d = 0))� j (Pv(a = H | d = 1))� y (Pv(a = H | d = 1)) , (3.3)

where Pv(a = H | d = ·) are uniquely determined by the posterior odds ratios

Pv(a = H | d = 0)
1� Pv(a = H | d = 0)

=
p

1� p

1� qGH(v)
1� qGL(v)

Pv(a = H | d = 1)
1� Pv(a = H | d = 1)

=
p

1� p

GH(v)
GL(v)

.

(3.4)

Under Assumption 1, the cutoff v is positive, meaning that V > 0 is necessary (but not sufficient)

for an agent to seek.

25In general, asking questions (or some other social behavior) could signal high ability rather than low ability,
or it could have more complex informational content. For instance, some pupils are eager to ask certain kinds
of questions in class to signal how much they understand. Though the assumptions we work with in the sequel
are specific to our setting and experiments, the basic point that information-acquisition is distorted by signaling
concerns would hold—with suitable modifications—in other environments.

26We identify two strategy profiles if outcomes are different across them with probability zero.
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Note that this model considers a Seeker (or a population of Seekers) about whom the

prior is fixed at p. Once we apply this model to the real world, different people will induce

different priors in Advisors, then the cutoff will depend on one’s identity and covariates

The key ideas of the proof are as follows. (Details of all proofs are in Appendix C.1.)

First, since the payoffs that depend on d (reputational and interaction) enter additively,

it is clear that the best-response d (taking Advisor’s beliefs as given) is increasing in the

instrumental payoff V. Under the assumption of no atoms, in any best response the Seeker

uses a cutoff strategy: if C = 1 (so that there is a choice to make), a Seeker seeks if and

only if his value is high enough: V � v.27 Actual ability type does not enter an agent’s

utility function at the time of the seeking decision, and is not observed by the Advisor; these

facts imply that a does not matter for the cutoff v.28 Given the cutoff, one can compute

the probability that the agent’s type is high conditional on not seeking, and conditional on

seeking. The quantity on the right-hand side of (3.3) is the decrease induced by seeking

in the reputational and interaction payoffs. The cutoff type v is indifferent between this

and the expected value v he will get from the information. It only remains to verify that a

positive cutoff v solving (3.3) exists. This follows by the Intermediate Value Theorem.29

Proposition 2 (Inferences in Equilibrium). Under Assumptions and 1 and 2, in any equilibrium

of the signaling game, the mass of high-ability agents choosing to seek (d = 1) is strictly smaller than

the mass of low-ability agents choosing to seek (d = 0). Therefore, not seeking signals high ability: if

v is the equilibrium cutoff, then

Pv(a = H | d = 0) > Pv(a = H | d = 1).

The proof is simply that with any cutoff, as long as it is the same for both types (as must

27Here we are using a tie-breaking rule, which does not matter if we are willing to ignore zero-probability
events.

28Ability plays a role only in determining the ex ante distribution of the gains to seeking V, whose realization
the Seeker knows when deciding. This will, of course, affect signaling implications.

29Note that at v = 0, the left-hand side of (3.3) is zero while right-hand side is positive; as v ! +•, the
left-hand side tends to +• while the right-hand side remains bounded.
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be the case in equilibrium), Assumption 1 guarantees that the mass of high-ability agents

choosing to seek is strictly smaller than the corresponding mass of low-ability agents. The

conclusion then follows by Bayes’ rule.

To make predictions corresponding to some of our treatment arms, as well as the effect

of pre-existing familiarity between the Seeker and the Advisor, we study some boundary

cases of our problem. In particular, we wish to explore how equilibria behave as we vary

two important aspects of the environment: making the Advisor’s priors precise, and making

the marginal value of seeking unrelated to ability type. In both cases, the signaling effect

disappears and both ability types have the same behavior. Actually, since this result is

immediate, we will actually show a bit more—that behavior is approximately the same for

any environment close enough to one with known ability or ability-irrelevance.

Proposition 3 (Known Ability or Ability-Irrelevance). Suppose that Assumptions 1 and 2 hold.

Take a sequence of environments satisfying either

1. p ! 0 or p ! 1, fixing all other parameters; or

2. the distribution FH converges to FL in the total variation norm, fixing all other parameters.

For any sequence of equilibria corresponding to those environments, the cutoff v converges to 0 and

the seeking decision becomes uninformative:

Pv(a = H | d = 0) ! Pv(a = H | d = 1).

3.2.4 A parameterized family

To illustrate how equilibrium is found graphically, develop an intuition for its dependence

on primitives, and set the stage for what can be said about uniqueness, we introduce a

parametric family of environments. Fix “basic” functions bj and by, which will then be
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scaled.30 For some real numbers l,g > 0, let j = lbj and y = g by. Thus (3.1) becomes:

U(d) = V(d) + lbj (P(a = H | d)) + gd · by (P(a = H | d)) .

Then (3.3) becomes

v = l [bj (Pv(a = H | d = 0))� bj (Pv(a = H | d = 1))]� g by (Pv(a = H | d = 1)) .

To see how the equilibria are affected by parameters, it is convenient to divide through by l

and obtain

v
l
= bj (Pv(a = H | d = 0))� bj (Pv(a = H | d = 1))� g

l
by (Pv(a = H | d = 1)) .

Then, fixing l/g, we can visualize the dependence of equilibria on the magnitude of stigma

by looking at intersections between the scaled return to seeking information, v/l, and the

right-hand side, which we define as R(v).

Figure 3.1 presents plots where we vary l and g and study the resulting equilibria.

In Panel A with l 2 {3, 10} and g = 1, we see that there is a unique equilibrium (point

of intersection) in each case. Further, when image matters considerably (l = 10), the

equilibrium is one in which the threshold to seek is very high and therefore the incurred

reputation loss is high as well. Meanwhile the equilibrium when l = 3 has the threshold for

seeking quite low, and accordingly the reputational cost is low. Panel B repeats the exercise

but we set l = 5.5 to demonstrate that multiple equilibria are possible. Here A is the “good”

equilibrium where the threshold to seeking is low and there is essentially no reputation cost.

In contrast, in equilibrium B, the threshold to seek is considerably higher and therefore

an individual incurs a larger reputational cost. (An equilibrium is stable when R(v) has a

smaller slope, in absolute value, than 1/l at the point of intersection.) Finally in Panel C we

look at the same case as in Panel B except that we remove the shame effect. This flattens the

reputational cost functions; note that this reduces the threshold to seek in B and therefore

30The exact functional forms are unimportant. But, for the sake of concreteness, in this example we take the
foundation for bj from Appendix C.4, with the c.d.f. H(x) given by x/(1+ x) and then we set by = bj.
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reduces the reputation cost of seeking as well.

3.2.5 Uniqueness

Finally, we briefly turn to the issue of uniqueness. In general, our model may feature multiple

stable31 equilibria. This reflects the realistic feature that, despite fundamental parameters

being the same in two communities, the same actions may have different meanings due to

culture or custom. This is manifested formally in equation (3.3) potentially having multiple

solutions v. (See Figure 3.1 for an illustration.) However, we can give conditions for this not

to happen. For simplicity, focus on a signaling-only model. Let j = lbj, where l > 0 is a

parameter and bj is a continuous, increasing, and bounded function [0, 1] ! R. As in the

previous section, this allows us to fix a function bj representing the reputational payoff and

vary the importance of it by varying l. Let µ be the supremum of the derivative in v of

bj (Pv(a = H | d = 0))� bj (Pv(a = H | d = 1))

over all v � 0.

Proposition 4 (Equilibrium Uniqueness). Fix all aspects of the environment except l. Fix a

constant # > 0. If Assumptions 1 and 2 hold, then: (i) If l < µ�1 there is a unique equilibrium

cutoff. (ii) There is a constant l such that, if l > l, the equilibrium probability of seeking is at most

# (so there is an essentially unique equilibrium with no seeking).

Thus, when signaling concerns are low or high, there is a unique or essentially unique

equilibrium. However, with intermediate signaling concerns, it is possible that there are

multiple equilibria, and these will be welfare-ranked. The restriction to a reputational payoff

only (i.e. j, not y) is not essential to these statements.32 We will return to these questions in

Section 3.6.3.

31A stable solution is one for which best-response dynamics converge back to it after a slight perturbation,
and corresponds to the right-hand side of (3.3) having a slope between �1 and 1 at the equilibrium.

32A version can be readily derived in the setting of the previous section, though the constants are a bit uglier.
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Figure 3.1: Equilibria Illustration

A: Unique Equilibrium

B: Multiple Equilibria

C: Multiple Equilibria without Shame

Notes: Figure 3.1 presents graphical depiction of finding equilibria by intersecting v/l and R(v) := bj (Pv(a = H | d = 0))�
bj (Pv(a = H | d = 1))� g

l
by (Pv(a = H | d = 1)). In Panel A we plot two different configurations where the equilibrium is

unique. Panels A and B set g = 1 (shame) and Panel C sets g = 0. In this example we take the foundation for bj from
Appendix C.4, with the c.d.f. H(x) given by x/(1+ x) and then we set by = bj.
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3.2.6 Predictions about behavior

We now briefly discuss the implications of the model for seeking behavior.

(1) When Seeker’s need for information is negatively associated with his ability, high-

ability Seekers will seek less than low-ability Seekers on average. Advisors will update

their beliefs, upon observing seeking, in the direction of low ability. This will not happen

if a Seeker’s need for information is independent of his ability; in this case, high- and

low-ability types have similar seeking rates (holding other aspects of their preferences fixed).

If the Seeker’s ability is already known to the Advisor (so that there is little asymmetric

information about ability), there is no distortion arising from signaling concerns. (Thus, for

example, the behavior of other types, which could affect perceptions, does not affect a given

type’s Seeking behavior.)

(2) Suppose the Seeker’s low ability is known to the Advisor. Then low-ability types seek

less than high-ability types (even though beliefs are not updated conditional on seeking) if

and only if the interaction payoff has a significant slope (in the Advisor’s posterior). In other

words, a test of whether shame is present is whether the described difference in seeking

rates can be observed.

3.2.7 Some further remarks on the theory

We close this section with a few further theoretical observations that the model allows us to

make.

Shame and signaling are very different in how they operate. Signaling, because it is

about the change in beliefs that an interaction induces, is inherently bounded in how many

times it can deter Seeking: once ability is revealed, it plays no role. Similarly, if the task in

question is one where ability is easy to diagnose, signaling can play no role. But shame can

be a severe obstacle in both situations.

Signaling and shame effects also depend on social context in different ways. Signaling is

most powerful when there is substantial asymmetric information. In particular, between

strangers, the act of asking could update beliefs from the population prior to a fairly precise
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posterior, and so signaling is likely to be a strong deterrent in such interactions, and weak

when the Seeker’s type is known. On the other hand, shame can be strong even without

updating of beliefs, and in particular can be very strong between friends, who are likely to

know that ability is low when this is the case.

Sections 3.6 and 3.7 extend this discussion and explore further implications.

3.3 Setting and experimental design

3.3.1 Setting and background

We conducted surveys and experiments with 1247 subject pairs in 70 villages in Karnataka,

India. The majority of villagers have occupations in agriculture, sericulture, and dairy

production. This is a setting where villagers rely on word-of-mouth learning to obtain

information useful for production, so understanding what obstacles impede social learning

is important.

Prior to our experiment, we conducted surveys with 122 respondents in four villages

not from our sample, but in the same region. Our goal was to learn about the frictions

villagers face in social learning. Among other questions, we asked them about how they get

information from their networks on a number of topics (financial products, farming inputs,

and health practices). We found that passive learning was considerably more common

than active learning: 95% of respondents reported hearing information passively from

friends and 90% from broadcast media (newspapers, TV, and the Internet). In contrast,

only 49% reported actively asking friends in their own village for information about the

above-mentioned topics.

Our further questions were aimed at understanding what factors might deter active

seeking. In particular, we probed whether the respondents felt constrained in seeking

information. We did this by asking whether they felt there were limits on the number of

times one could approach another villager for information. In 88% of surveys, they reported

feeling a limit on the number of times they could approach a member of their community to
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ask for farming, health, or financial advice. In 64% of these cases, our respondents reported

that they chose not to seek out information to avoid appearing weak or uninformed. This is

consistent with some sort of stigma (signaling, shame, or a mix) being an important force in

this context.

Finally, respondents also told us that the constraints keep them from the information

that would be most valuable. About 70% of respondents told us they consider it important

to talk to others before making consequential decisions about financial products, farming,

and health practices. We then asked respondents to consider (i) the best person in the

village whom they felt comfortable approaching for advice about the topic as well as (ii) the

best person in the village to ask for advice if, hypothetically, they did not feel constrained.

About 60% of the respondents said that they already knew everything relevant known by

the approachable people. However, 70% of the respondents said that the unconstrained-best

person to ask for advice did know more information. Overall, our survey evidence points to

stigma as a potentially important force that constrains the seeking of information.

Turning now specifically to the 70 villages in which we conducted our experiment: We

had previously collected data on networks among households to help us identify whether

two subjects are socially connected, in what ways, and to what extent.33 Our measures of

the frequency or intensity of social interaction allow us to examine how frictions in social

learning vary with social distance—a crucial variable in combination with demographic

covariates.

3.3.2 Design

In every village, we selected approximately 18 people as Seekers and 18 as Advisors,

drawing randomly from our village census, and formed Seeker-Advisor pairs. The roles

of Seeker and Advisor were randomly assigned. The experiment is at the pair—that is,

33This data was collected and analyzed in Banerjee et al. (2016). Specifically, we collected data on (i) social
relationships (whose house the subject visits and who visits their house to socialize), (ii) financial relationships
(with whom they engage in borrowing/lending of small amounts of money or material goods such as kerosene
or rice), and (iii) advising relationships (whom they talk to for advice regarding a financial, health, or farming
decision).
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Seeker-Advisor—level (though, as we describe below, treatment is randomized at the village

level). We stratified the sample into friend pairs, co-caste pairs, and pairs belonging to

neither class.34

To situate the act of getting information in a context similar to typical informational

interactions in the subjects’ lives, the experiment was designed to take place over three days

in each village. At a high level, on Day 1 we collected baseline data and introduced the

guessing game Seekers would play on Day 3. Between Day 1 and Day 3, each Seeker had

the opportunity to increase the number of clues he would have access to in the guessing

game by visiting his paired Advisor. On Day 3, the guessing game was played.

In more detail: On Day 1, we approach both Seekers and Advisors and collect demo-

graphic data in a baseline survey. We also administer—separately to all participants—a

simple test of cognitive ability based on the Raven’s Progressive Matrices.35 The ability test

occurs before subjects know which treatment they are in, at the same time as we obtain

informed consent. The participants are informed of the possible treatments. Therefore,

importantly, the subjects know that their score and identity may be revealed to another

member of their community, irrespective of their seeking decisions. Since they are informed

of this before randomization, we do not need to worry about endogenous variation in effort

on the Raven’s test depending on treatment. The test score maps to the ability variable in

our theory. We inform the Seekers that on Day 3, each will play a game for a prize. The

game is to guess which of the two boxes contains a cellphone. The prize is a cellphone

worth Rs. 1350, or one of several cash prizes. The exact prize is determined by a dice roll,

but everyone is guaranteed to win something for guessing correctly; the expected cash value

of the random prize is Rs. 180, which is over a day’s wage in the area.

In addition to being told about the game, on Day 1 the Seeker is also given a choice

about clues for the guessing game. Each clue is an independent, identically distributed

draw of a chit from a bag which has the label of the box with the prize with probability

34We reweight observations appropriately when we conduct the pooled analysis.

35For the instrument, see Appendix C.2.1.
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0.55, and the wrong box otherwise. The Seeker has the right to get k clues without doing

anything else. (We discuss the determination of k shortly.) He can, instead, decide to have

a voucher for k0 clues, typically more than k, delivered to his paired Advisor. The paired

Advisor’s clues are usable only by the paired Seeker.36 If the Seeker chooses this option, he

has to physically visit the Advisor between Day 1 and Day 3 to obtain the voucher. Our

main outcome of interest is which of these two options the Seeker chooses. On Days 1-3, the

Seekers are able to seek information from their paired Advisors, if they chose to do so. On

Day 3, we revisit the village to solicit the Seekers’ guesses and distribute prizes.

Our experiment has a simple 2 ⇥ 2 design, randomized at the village level.37 The

treatment arms are as follows:

1. What determines quality of information:

• Random: The number of clues that the Seeker is endowed with, k, is drawn

uniformly at random from {1, 2, 3, 4, 5}.

• Skill: k is increasing in the Seeker’s score on an ability test—the Raven’s Matrices

Test (see Figure C.2 in Appendix C.2 for the exact schedule).

In either case, if the seeker decides to forego his k clues, he can obtain, by visiting the

Advisor, an entitlement to k0 clues. The number k0 is drawn uniformly at random from

{4, 5, 6, 7, 8}. This number is known to the Seeker at the time of his decision. Typically

k0 > k.38

2. Whether the Seeker’s ability is known:

• Private: we do not reveal a Seeker’s test score to the paired Advisor.

36This is because every Seeker–Advisor pair has a uniquely labeled game. For example, one Seeker has to
guess whether the “cat” or “dog” box has the prize and another has to decide whether the “tree” or “river” box
has the prize, and so on. Therefore, each Advisor had unique clues that were only usable by her Seeker, and
further, the Advisor had no intrinsic use for the clues herself.

37We randomize at the village level, as opposed to the pair level, to guard against the scenario that players in
the same village would discuss the rules of the game and get confusing information.

38In about 14% of cases, we had k0  k; very little seeking occurred (about 3% within this group) when k0
was equal to k and no seeking occurred when k0 was strictly less than k.
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• Revealed: irrespective of the seeking decision, the Seeker’s identity, test score, and

percentile are immediately revealed to the paired Advisor.39

We emphasize the following to all participants, making it clear that they all receive the

same briefing: (i) the treatment that the subjects are assigned to; (ii) the fact that all subjects

in our study have taken a Raven’s Matrices Test, and therefore both Seekers and Advisors

are familiar with it.

Implications of the theory

We now sketch how the arms correspond to the theoretical primitives. One arm—Skill

versus Random—varies whether FL first-order stochastically dominates FH or is identical

to it (where the “ability” variable comes from the cognitive test we conduct). The second

arm—Private versus Reveal—varies the Advisor’s prior about the score on our ability test;

in the latter case, it is set to a degenerate prior that reveals all the information that could be

implicit in the Seeker’s decision.

We now summarize the model’s implications for these arms.

1. In (Skill, Private), high-ability Seekers, on average, will seek less than low-ability

Seekers; Advisors will update their beliefs, upon observing seeking, in the direction of

low ability.

2. If shame is present, in Revealed treatments, low-ability types seek less than high-ability

types even though beliefs are not updated conditional on seeking. The shame effect

is strictly larger under the Revealed treatment, because the posterior is extreme (as

opposed to the interior values that it takes due to Bayesian updating in equilibrium

under Private).

3. In the Random treatments, high- and low-ability types have similar seeking rates.

39We implemented this with one surveyor stationed with the Seeker and another with the Advisor, in all
treatments, so that the revelation would be immediate. This avoided any doubt as to when the Advisor would
learn the Seeker’s attributes.
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4. In the (Skill, Private) treatment, both types seek less than in (Random, Private).

Figure 3.2: Experimental Design Schematic

Private Revealed

Random
value of info
� seeking cost

value of info
� seeking cost

� shame

Skill

value of info
� seeking cost

� stigma

value of info
� seeking cost

� stigma
+ Skill-Revealed interaction

Notes: Figure 3.2 shows the experimental design schematic. Stigma in the Skill treatment consists of signaling and shame
effects.

Measurement of effects

The design schematic is presented in Figure 3.2. The outcome we focus on is the Seeker’s

decision of whether to forgo his or her own clues in order to visit the paired Advisor over

the course of the three days. In looking at this outcome variable, our main effects can be

measured most directly by comparing the outcome across treatment cells, holding fixed

the ability of the individual (test score), the need for clues (k), and the number of clues

that the Advisor has (k0). In our preferred specifications, we operationalize this by using

Seeker-by-Advisor clue count fixed effects (i.e., (k, k0) fixed effects) and conditioning on the

sample of Seekers with low test scores. In discussing comparisons next, we will take for

granted that we are conditioning on all these, unless noted otherwise.

First, by comparing (Random, Private) to (Skill, Private), we can estimate a total stigma

effect that arises when ability is relevant, compared to a benchmark situation where ability

is not relevant (with ability being held private in both cases). Recall from (3.1) that stigma
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here consists of the effects of both signaling (from the reputational payoff) and shame (from

the interaction payoff).

Second, by comparing (Random, Private) to (Random, Revealed), we can estimate the

shame effect. Recall that in the latter treatment, we reveal the ability type of the a low-score

individual, irrespective of the seeking decision d. Thus, the signaling term cannot contribute

to difference and payoffs, and the incremental utility of seeking in (3.2) is only affected by

the shame term, d · y (0) . Note that this is a pure shame effect, and it is maximal in that

beliefs are fully updated to reflect the true ability of the seeker. While comparisons to (Skill,

Revealed) are not part of our core design, we leave open the possibility that there may be a

Skill-Revealed interaction.40 After presenting our results, we discuss the interpretation of

such a term in Section 3.6.3.

Third, by putting some additional structure on the problem, we can estimate the relative

magnitudes of the signaling and shame effects as components of the stigma detected in our

first measurement. Suppose the utility of seeking decision d is given by

U (d) = ad+ bP (kd) + lP (a = H | d) + gd

P (a = H | d)� 1

2

�
� u,

where P(kd) is the probability of guessing correctly given kd signals under decision d, and

where u is drawn from a Type I extreme value distribution. Then the incremental value of

seeking is

DdU (d) = ad+ bDdP (kd) + lDdP (a = H | d) + g


P (a = H | d = 1)� 1

2

�
� e

where e has a logistic distribution and is independent across individuals. The idea, infor-

mally, is that by comparing (Random, Private) to (Random, Revealed), we identify g, since

P(a = H | d) = 0 for low-ability types.41 With this in hand, we can use the comparison

of (Random, Private) and (Skill, Private) to back out l. To do this, we use the differential

40“Interaction” here is distinct, of course, from the sense in “interaction payoff.”

41Assume for this discussion a and b have been identified, just so we can focus on the intuition. We explain
parameter identification formally in Appendix C.3.
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seeking rates in our treatment to back out how much information seeking conveys, which

gives us values of DdP (a = H | d).

Fourth, we are particularly interested in how the signaling and shame effects, and their

total impact, vary with aspects of the social context. We will thus estimate these effects by

interacting them with measures of social proximity (whether individuals are friends, of

whether they are of the same caste). We also estimate our structural model separately for the

socially proximate and socially distant to tease out the relative magnitudes g and l in each

case, and explain how the results may reflect differences in the affective strength of these

relationships (relevant to shame) and the precision of prior beliefs (relevant to signaling).

3.3.3 Sample statistics

Table 3.1 presents the sample statistics. We have comparable numbers of male and female

subjects: 54% of the Seekers and 53% of the Advisors are female.

Though we do have rich jati (subcaste) data, because major divisions occur at broad

categories, as is standard we look at caste blocks of General, Other Backward Class (OBC),

Scheduled Caste (SC) and Scheduled Tribe (ST). In our analysis we treat General and OBC

as upper caste and SC/ST as lower caste. 61% of the Seekers and 56% of the Advisors are

General or OBC Caste—the remainder are SC or ST.

We also have a wide distribution of ability as measured by the Raven’s Matrix test,

scored out of 15. The mean Seeker score is 9.5 with a standard deviation of 3.2, and similarly

the mean is 9.2 (3.3) for Advisors.

Turning to the network data, the subjects have on average 8.6 links overall.42 Within-caste

links far outnumber across-caste links both in social and informational relationships.

42Recall footnote 33. Subjects have 6.7 friendship links, 5.7 informational links, 6.6 within-caste, and 2.1
across-caste links on average.
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Table 3.1: Summary Statistics

Panel A: Experimental sample
mean sd

probability of seeking 0.14 (0.35)
test score of advisor 9.17 (3.29)
test score of seeker 9.46 (3.20)
female advisors 0.53 (0.50)
female seekers 0.54 (0.50)
upper caste advisors 0.56 (0.50)
upper caste seekers 0.61 (0.49)

Panel B: Links of various types within/across
caste

mean sd
all links 8.62 (5.28)
within-caste all links 6.57 (4.60)
across-caste all links 2.13 (2.73)
social links 6.66 (3.64)
within-caste social links 5.13 (3.33)
across-caste social links 1.60 (2.13)
information links 5.65 (3.99)
within-caste info links 4.30 (3.41)
across-caste info links 1.42 (2.02)

Notes: Summary statistics for our sample.

3.4 Results

This section presents our results. We start with some preliminaries on the updating of

perceptions based on the test score and the raw seeking rates. Then we report the effects of

our treatments on seeking, controlling for all relevant heterogeneity. Next, we conduct a

more detailed examination of how people make inferences. We conclude with a structural

estimation of the parameters of our model.
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3.4.1 Preliminaries

Do people update perceptions from the test score?

We first show that the score on the Raven’s Matrix Test can effectively update people’s

beliefs about the test-taker’s ability. Working with a separate survey sample of 399 subjects

(drawn from the same population as the subjects in our main experiment), we asked them

to score the intelligence of several other subjects (an average of three per respondent) on a

0-100 scale. Three days later, we revealed to them these subjects’ Raven’s matrices scores and

asked them for a revised score. We regress the outcome of whether there was an increase in

this intelligence rating on the Raven’s matrix score that we revealed to the subject. Table 3.2

presents the results. Column 1 only uses surveyor and caste controls, Column 2 adds village

fixed effects, and Column 3 uses respondent fixed effects. Note that the the regression

identifies the effect of seeing a higher Raven’s matrix score on the probability of increasing

the score given to the test-taker. We find that a one standard deviation increase in a person’s

reported score corresponds to a 3-4pp increase in this probability, on a base of 39% (roughly

a 10% effect size).

Table 3.2: Belief Updating

(1) (2) (3)
VARIABLES Upward revision prob. Upward revision prob. Upward revision prob.

Std. Score 0.0416 0.0447 0.0341
(0.0142) (0.0146) (0.0181)

Observations 1,306 1,306 1,306
Depvar Mean 0.388 0.388 0.388
Village FE X X
Respondent FE X

Notes: Standard errors (clustered at the village level) are reported in parentheses. All columns control for caste and surveyor
fixed effects.
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Figure 3.3: Probability of Seeking by Skill and Treatment
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Notes: Probability of seeking by low skilled (below median score) or high skilled (above median score), by treatment. This
does not condition on the clue count in any way.

A first look: Raw probabilities of seeking

The mean seeking rate across all treatments is 14%, while among those with a low skill and

a low clue count (those we will focus on in our main analysis), it is 21%. In Figure 3.3, we

graphically compare the probability of seeking for high-skill and low-skill Seekers, without

conditioning on the number of clues obtained by the Seekers. Here, high-skill Seekers are

defined as those having an ability score above the median43 and the low-skilled are defined

to be the rest. We see that in the (Random, Private) treatment, the seeking rate is roughly

the same for the two types of Seekers. This is because the distribution of the clues is random

and independent of Seekers’ skill, and so the need for seeking is expected to be similar.44

In the (Skill, Private) treatment, however, the high-skilled Seekers seek significantly less

43In our entire sample, which corresponds to a score of at least 10 out of 15.

44Of course, this needn’t have been the case: the taste for seeking advice could have turned out to be
correlated with ability, and so even absent any signaling concerns, one ability type would have done more
seeking.
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often—they have less need for seeking as they obtain more clues by performing better on

the skill test.

3.4.2 Treatment effects on seeking rates

Our main sample conditions on low-skilled Seekers (below the median score on the ability

assessment) who received low clue counts (a below-median number of clues). Thus, the

subjects across the different treatment cells are comparable, and the only thing that varies is

the treatment condition.

Given this sample, we estimate, for Seeker i with Advisor j in village v:

Seekijv = a + b1 SkillTreatmentv + b2 RevealTreatmentv (3.5)

+ b3 SkillTreatmentv ⇥ RevealTreatmentv + eijv.

Table 3.3 presents the results of the regression analysis. We add Seeker score as well as

Seeker-by-Advisor clue count fixed effects across specifications.45

Stigma: Do low-skill Seekers seek less in the Skill treatment?

We first measure the total stigma effect, if any, making low-skill Seekers in the (Skill,

Private) treatment seek less than they do in the (Random, Private) treatment. Recall that

we are comparing low-skill Seekers across treatments who are offered the same number of

clues (either by random chance in control, or deterministically in treatment) in order to hold

the need to ask constant in the comparison.

Table 3.3 presents the results. We focus on b1 in equation (3.5). We find that moving

to the (Skill, Private) treatment from (Random, Private) leads to a 11.5pp drop (column

3, p = 0.04) in the probability that the Seeker seeks on a base of 20.9% for the (Random,

Private) treatment. The effect remains robust as we add various fixed effects. Relative to

45We also control for surveyor fixed effects and phase of experiment and we reweight in order to compensate
for the stratification and have the estimates representative of the population distribution.
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Table 3.3: Main Results: Low IQ, Low Clue Count

(1) (2) (3)
VARIABLES Seeking Seeking Seeking

Skill -0.145 -0.142 -0.115
(0.0559) (0.0559) (0.0551)

Reveal score to Advisor -0.129 -0.123 -0.136
(0.0696) (0.0688) (0.0765)

Skill ⇥ Reveal score to Advisor 0.219 0.203 0.224
(0.0940) (0.0886) (0.0899)

Observations 452 452 452
Random, Private Mean 0.209 0.209 0.209
Seeker Score FE X X
Advisor-Seeker clue count FE X

Notes: Standard errors (clustered at the village level) are reported in parentheses. All columns control for surveyor fixed
effects and phase of experiment.

column 1, column 2 adds fixed effects for the Seeker’s score on the skill test, and column 3

additionally adds fixed effects for the Seeker-by-Advisor clue counts. This demonstrates that

in fact there is a 55% decline in the probability of seeking advice for a low ability individual

simply due to stigma, holding everything else fixed.

Shame: Revealing Seeker ability to Advisor

We now look at what happens when we reveal the Seeker’s ability score to the Advisor.

Without a shame inhibition, this would allow the low-skilled Seekers to resume seeking

at the same rate as in control, since there would be nothing left to signal. On the other

hand, if there is an interaction payoff and a shame effect, then revealing the ability score

will discourage seeking relative to (Random, Private).

To examine whether there is a shame effect, we first focus on the estimates in Table 3.3

of b2 from equation (3.5). We find evidence of such an effect: if in the Random treatment

one reveals the Seeker’s score to the Advisor, then the Seeker is 13.6pp less likely to seek on

a base of 20.9% (column 3, p = 0.08). This effect is large: the shame effect leads to a 65%

decline in the probability of seeking advice for a low ability individual, holding everything
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else fixed.

It is important to note that the shame effect measured here by comparing (Random,

Private) and (Random, Revealed) comes from moving the Advisor’s belief that the Seeker’s

ability is high from the prior to full revelation—i.e., P(a = H | d) = 0 for a low-ability

individual. In contrast, when we move from (Random, Private) to (Skill, Private), the corre-

sponding shift is smaller: from p to the equilibrium assessment of the Seeker conditional

on his seeking, P(a = H | d) 2 (0, 1). In other words, because in equilibrium a mix of high

and low types will seek, the conditional probability of being a high type given a seeking

decision will be some non-extreme value, which we examine in more detail below. So when

shame is present, it will have less than the full impact we have measured above.

3.4.3 Inferences in equilibrium and structural estimates

Now that we have an estimate of the “full” shame effect, we can return to understanding

the components of stigma in the more realistic case we are primarily interested in, where

stigma consists of both signaling and shame effects. The first step is to study the size of the

shift in beliefs driving both these effects. Thus, in this subsection we begin by examining the

information content of seeking decisions. That is, we compute the conditional probabilities

of seeking for both types of agent and the implied likelihood ratio46 that is relevant for

updating beliefs about Seeker ability. We then place more structure on the problem, making

parametric assumptions about j(·) and y(·). Putting these pieces together allows us to

decompose the stigma effect into its constituent parts.

Inferences in equilibrium

Recall the predictions of Section 3.3.2. The second prediction, based on Proposition 2, is

essential to the mechanics of the signaling equilibrium: low-skilled types seek more, so that

seeking is a signal of low ability. To check whether this holds in the data, we then compare

the seeking behavior of low-skill and high-skill types in the (Skill, Private) treatment. In our

46That is, P(a=H|d=1)
P(a=L|d=1) .
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sample, due to ties, 53.2% of Seekers had high skill. We examine the behavior of both types

of Seekers in the skill treatment. We find that 12.9% of the low-skill Seekers chose to seek

(averaging across all clue counts, etc.), whereas only 7.9% of high-skill Seekers chose to seek.

The difference is statistically significant.

Given the base rate (53.2% have high skill) and these seeking rates, we can compute

the Bayesian posteriors conditional on seeking. Given that someone chooses to seek, the

posterior odds ratio that he has a high type is

P(a = H | d = 1)
P(a = L | d = 1)

=
p

1� p

P(d = 1 | a = H)
P(d = 1 | a = L)

=
p

1� p
⇥ 0.612.

Using the population base rate p = 53.2%, P(a = H | d = 1) in this case is 41%. Thus,

conditional on a random individual seeking, the probability assigned to high ability falls

from the base rate of 53.2% to 41%.

It is also instructive to do a similar computation in the (Random, Private) treatment,

where there ought to be no signaling motive. Both types seek more frequently in (Random,

Private) as compared to (Skill, Private). Figure 3.3 presents this graphically. We can compute

analogously
P(a = H | d = 1)
P(a = L | d = 1)

=
p

1� p

P(d = 1 | a = H)
P(d = 1 | a = L)

= 0.98.

Here we have P(a = H | d = 1) = 49.5%: conditional on seeking, the probability that one is

high-skill essentially stays at 1/2.

This suggests that the basic force operating in the theory is present in the data, and gives

a sense of the magnitude of the belief updating induced by the signaling.

A structural estimate

In our structural exercise, we make the parametric assumptions that

j (P(a = H | d)) = lP (a = H | d) and y (P(a = H | d)) = g

✓
P (a = H | d)� 1

2

◆
.
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Therefore we parameterize utility by

U (d) = ad+ bP (kd) + lP (a = H | d) + gd

P (a = H | d)� 1

2

�
� u,

where u is Type I extreme value, so the marginal utility is given by

DUa (d) = a + bDdP (kd) + lDdP (a = H | d) + g


P (a = H | d = 1)� 1

2

�
� e

with e drawn from a logistic distribution. This expresses the marginal utility of seek-

ing for an individual of ability a in terms of the changes in (i) the instrumental payoff

(bDdP (kd)), (ii) the reputational payoff (lDdP (a = H | d)), and (iii) the interaction payoff

(g
⇥
P (a = H | d = 1)� 1

2

⇤
).

Appendix C.3 describes identification and estimation of the parameters a, b, g, and l

and Panel A of Table 3.4 presents the results. Our parameters of interest are l (signaling)

and g (shame). We estimate bl = 0.643 and bg = 0.0846, so that bl
bg ⇡ 7.6. Thus, the signaling

effect is about eight times as large as the shame effect in our sample. The fact that the

signaling parameter is much larger than the shame parameter is consistent with our reduced

form effects.

We repeat this exercise below with separate estimates for socially proximate pairs (friends

and same caste) and those that are socially distant.

3.4.4 Further reduced-form results

High skill and high clue counts

So far we have presented results for the low-skill population with low clue count to keep

the sample constant across treatment and identify the signaling effect of interest. In Table

3.5, we give the analog of Table 3.3 for those with high ability and a high number of clues.

The results are largely consistent with our story. The level of seeking is considerably

lower—5.8% in (Random, Private)—as compared to 20.9% for the low ability and low clue

count sample. This is unsurprising: the need for signals is smaller if one has a higher clue

count. Moreover, we see neither signaling nor shame effects. A Seeker is just as likely to
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Table 3.4: Structural Estimates of Signaling and Shame

(1) (2)
Panel A: Full Sample l g

0.6431 0.0846
[0.0209, 1.5854 ] [-0.0119, 0.1810]

Panel B: Friends l g

-0.0606 0.3553
[-1.0459, 1.6908] [0.2364, 0.4542]

Panel C: Same Caste l g

0.2854 0.1632
[-0.8420, 1.9681] [0.0551, 0.2668]

Panel D: Strangers l g

1.1002 0.0092
[0.0717, 3.0203] [-0.0398, 0.1639]

Panel E: Different Caste l g

1.5711 -0.0453
[0.5801, 3.4712] [-0.1276, 0.1233]

Notes: Confidence intervals computed from block bootstrap by resampling with replace-
ment at the village level are reported in brackets.
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Table 3.5: High IQ, High Clue Count

(1) (2) (3)
VARIABLES Seeking Seeking Seeking

Skill 0.0181 0.0184 0.00505
(0.0248) (0.0252) (0.0289)

Reveal score to Advisor -0.00975 -0.00640 -0.0212
(0.0503) (0.0501) (0.0556)

Skill ⇥ Reveal score to Advisor -0.0398 -0.0433 -0.0276
(0.0778) (0.0785) (0.0787)

Observations 484 484 484
Random, Private Mean 0.0581 0.0581 0.0581
Seeker Score FE X X
Advisor-Seeker clue count FE X

Notes: Standard errors (clustered at the village level) are reported in parentheses. All
columns control for surveyor fixed effects and phase of experiment.

seek in (Skill, Private) as (Random, Private). He is also just as likely to seek in (Random,

Private) as (Random, Revealed).

Taken together, the results from the high skill and high clue count sample suggest that

because these individuals receive more clues, they have less of a need for information and

do not seek very often. If they do, it is likely for idiosyncratic reasons.

The interaction of the skill treatment and ability revelation

There is one cell we have not yet discussed: (Skill, Revealed). By design, our main effects are

identified off other comparisons. We now discuss the comparisons associated with this cell.

Consider the effect of going from (Skill, Private) to (Skill, Revealed), given by b2 + b3 in

equation (3.5). By revealing ability, the signaling effect faced in (Skill, Private) is removed,

which should encourage seeking: we expect b3 > 0. Consistent with this, in Table 3.3 we

find that the total effect of going to (Skill, Revealed) from (Skill, Private) corresponds to an

8.8pp increase (column 3). However, this effect is “too large”: the resulting seeking rate is

nearly the same as (Random, Private), meaning that the seeking rate more than compensates
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for the shame effect faced in (Random, Revealed).

In interpreting this effect, note that there is an important contrast between the (Skill,

Revealed) cell and all of the others. For the population we focus on (low-skill, low-clue-count

Seekers) the need for information is evident to the Advisor. This is because the Advisor in this

case is told that her paired Seeker has a low score, and also knows the rules of the game.

This eliminates some plausible explanations for not seeking, such as having no need to

(which is a possibility, as far as the Advisor knows, in (Random, Revealed)). Indeed, when

we condition instead on high-skill Seekers in this treatment, the extra seeking due to the

interaction of the Skill and Revealed arms is not significantly different from zero. Though

a full analysis of the motives that become relevant in this case is beyond the scope of our

study, we offer some hypotheses in a discussion in Section 3.6.3 below.

3.5 The role of social structure

We have seen that introducing an ability-signaling motivation in social learning induces a

stigma effect, inhibiting seeking. We have also studied how this effect can be decomposed

into signaling and shame effects. In this section we explore how heterogeneity in these

effects makes seeking outcomes dependent on the social context. Specifically, in what

relationships is each effect strong?

3.5.1 Beliefs and social distance

Our theoretical analysis makes clear that, holding the signaling parameter l constant, the

strength of the signaling effect depends on the strength of the prior: when the Advisor has a

stronger prior that ability is low, beliefs will move less following seeking, creating less room

for a signaling effect. This motivates a look at individuals’ confidence about others’ abilities.

We begin by looking at how confidence in the assessments of others’ ability (intelligence)

varies with social distance. Panel A of Figure 3.4 shows that there is a steady decline in

confidence as a function of network distance (i.e., graph distance in the friendship graph).

Panel C repeats the exercise with caste. When a high caste respondent rates a fellow
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Figure 3.4: Beliefs and Confidence by Social Distance

A: Confidence in beliefs by distance
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C: Confidence in beliefs by caste
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D: Beliefs updating by caste
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Notes: A respondent’s stated level of confidence in her belief about a given subject’s intelligence at baseline. In (A) and (C)
these are averaged conditioning on distance in the friendship network (Dij) and relative caste relationship. In (B) and (D),
we plot the probability that the respondent increases her evaluation of a given subject’s intelligence after learning that this
person got a Raven Matrix score at least one standard deviation above the mean. Again we plot conditioning on distance in
the network (Dij) and relative caste relationship. Distance in the friendship network is defined as the length of the shortest
path connecting the two individuals in the graph where links reflect friendship (recall footnote 33). We categorize caste
relationship into three categories: same, higher, or lower caste (relative to the subject).

137



high-caste individual’s ability, she is more confident in her assessment than when she

rates a low-caste individual. There is no detectable difference however among low-caste

respondents. Overall these findings are consistent with individuals having, on average,

stronger priors about those that are socially close.

Next we ask whether respondents update less when they have stronger priors. Panels B

and D present the results conditioned on network distance and relative caste, respectively.

We define the “upward revision probability” to be the empirical frequency of respondents

increasing their assessment of the assessed individual’s skill. We compute the upward

revision probability conditional on learning that an individual has a test score that is at least

one standard deviation above the mean. We see that the upward revision probability when

network distance is 1 is about 0.35. That is, the majority do not update their assessment

when they are socially close. But at distance 3, the upward revision probability is 0.55. A

similar pattern holds looking within caste versus across caste group.

Taken together, the evidence suggests that individuals feel more confident about their

assessments of those who are socially proximate to them. Accordingly, they are less

responsive to a signal about the individual’s ability. This suggests that we should expect

signaling to be a greater concern when the Advisor is socially distant rather than socially

proximate to the Seeker.

3.5.2 Stigma, signaling, and shame by social distance

We now study the heterogeneous effects of our experiment by social proximity between

Seeker and Advisor. We run the regression

Seekijv = a + b1 SkillTreatmentv + b2 RevealTreatmentv (3.6)

+ b3 SkillTreatmentv ⇥ RevealTreatmentv

+ d0 SocialProxijv + d1 SkillTreatmentv ⇥ SocialProxijv

+ d2 RevealTreatmentv ⇥ SocialProxijv

+ d3 SkillTreatmentv ⇥ RevealTreatmentv ⇥ SocialProxijv + eijv
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for Seeker i with Advisor j in village v. SocialProx indicates the social proximity between the

Seeker and Advisor, here measured either by whether they are friends or by whether they

are of the same subcaste. Again we include Seeker score fixed effects and Seeker-by-Advisor

clue count fixed effects.

Signaling with the socially distant

We find that among the socially distant, signaling likely drives more of the stigma effect

than shame. Figures 3.5, Panels A and B present our results graphically, simply plotting

the raw data. We see that the seeking rate declines when going to (Skill, Private) from

(Random, Private) for both non-friends and different-caste pairs, consistent with a stigma

effect. However, in the raw data there is no evidence of a shame effect, indicating that most

of the stigma effect must be driven by signaling.

Tables 3.6 and 3.7 present regression results, which show large stigma effects (b1 in

equation (3.6)) but shame effects (b2) that are noisy and not statistically different from zero.

When we look at subject pairs that are not friends and compare (Skill, Private) to (Random,

Private), we identify a 13.9pp decrease in the probability of seeking, on a base of 18.2%,

(p = 0.018). Similarly, when we look at pairs that differ in caste, we see a 15.4pp decline in

the probability of seeking, on a base of 18.2% in (Random, Private). We cannot statistically

reject zero shame, though the point estimates are 11.4pp and 8.36pp for non-friends and

different-caste pairs, respectively.

Our structural exercise gives us a different lens for assessing the relative magnitudes of

the contributing effects. Panels D and E of Table 3.4 repeat our structural exercise looking

only at socially distant pairs. When we estimate the model on strangers or those of different

castes, we find that bl = 1.1 or 1.57, respectively, while bg = 0.009 or �0.045, respectively.

That is, signaling is the primary concern, and the parameter is much larger than the value

of the shame parameter.
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Figure 3.5: Seeking Rates by Treatment

A: Non-friends
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C: Friends
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D: Same caste
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Notes: Probability of seeking plotted by treatment, with standard errors. Two samples are plotted: low-skill with low clue
count and high-skill with high clue count, in order to hold ability and incentive to seek fixed across treatments.

Shame with the socially proximate

Panels C and D of Figures 3.5 present raw data for the socially proximate. We see small

declines in seeking probability when we compare (Skill, Private) to (Random, Private).
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Table 3.6: Stigma By Social Relationship

(1) (2) (3)
VARIABLES Seeking Seeking Seeking

Skill -0.149 -0.155 -0.139
(0.0561) (0.0559) (0.0574)

Reveal score to Advisor -0.112 -0.106 -0.114
(0.0694) (0.0704) (0.0752)

Skill ⇥ Reveal score to Advisor 0.217 0.203 0.217
(0.100) (0.0973) (0.0991)

Friend 0.124 0.113 0.0775
(0.138) (0.134) (0.139)

Skill ⇥ Friend 0.0387 0.0688 0.110
(0.148) (0.146) (0.150)

Reveal score to Advisor ⇥ Friend -0.131 -0.119 -0.0610
(0.170) (0.171) (0.178)

Skill ⇥ Reveal score to Advisor ⇥ Friend 0.397 0.336 0.275
(0.251) (0.251) (0.260)

Observations 452 452 452
Random, Private, Non-Friend Mean 0.182 0.182 0.182
Seeker Score FE X X
Advisor-Seeker clue count FE X

Notes: Standard errors (clustered at the village level) are reported in parentheses. All columns control
for surveyor fixed effects and phase of experiment.

This indicates that the stigma effect is small among the socially proximate. However, we

see sizable shame effects in the comparison of (Random, Revealed) to (Random, Private).

Therefore, the raw data suggests that stigma is driven entirely by shame, but the equilibrium

shifts in the conditional probability of seeking by type in (Skill, Private) are insufficient for

shame to have a meaningful impact on the seeking rate. On the other hand, when ability is

revealed, low ability is revealed with certainty, and therefore the shame effect is substantial.

Turning to the regression results, we see that the point estimate for the stigma effect is

quite small—a decline of 2.9pp on a base of 25.9% and not statistically different from zero

(p = 0.824). However, moving from (Random, Private) to (Random, Revealed) results in a

large decline in the seeking rate—by about 17.4pp. This indicates a potentially large, but
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Table 3.7: Stigma by Caste

(1) (2) (3)
VARIABLES Seeking Seeking Seeking

Skill -0.155 -0.164 -0.154
(0.0629) (0.0595) (0.0618)

Reveal score to Advisor -0.0841 -0.0709 -0.0836
(0.0881) (0.0922) (0.0982)

Skill ⇥ Reveal score to Advisor 0.341 0.349 0.355
(0.190) (0.185) (0.176)

Seeker Caste same as Advisor Caste 0.0451 0.0499 0.0192
(0.0765) (0.0722) (0.0719)

Skill ⇥ Seeker Caste same as Advisor Caste 0.0402 0.0583 0.0935
(0.0927) (0.0863) (0.0829)

Reveal ⇥ Seeker Caste same as Advisor Caste -0.108 -0.117 -0.0802
(0.118) (0.118) (0.119)

Skill ⇥ Reveal ⇥ Seeker Caste same as Advisor Caste -0.0690 -0.122 -0.141
(0.215) (0.211) (0.207)

Observations 452 452 452
Random, Private, Diff Caste Mean 0.182 0.182 0.182
Seeker Score FE X X
Advisor-Seeker clue count FE X

Notes: Standard errors (clustered at the village level) are reported in parentheses. All columns control for surveyor fixed
effects and phase of experiment.

noisily estimated, shame effect amongst friends (p = 0.263). Similarly, among same-caste

pairs under (Skill, Private), we see no detectable stigma effect (6pp decline on a base of

20.1%, p = 0.385). But we do see a significant shame effect among same-caste pairs, with a

16.3pp decline in seeking relative to (Random,Private) (p = 0.057).

This is consistent with the idea that the socially proximate may know more about their

friends and co-caste members, so with tighter priors there is less scope for updating and

therefore signaling. At the same time, people tends to interact more with socially proximate

individuals, and the emotional stakes in these interactions can be higher, so shame may be a

greater issue, compared to interactions with strangers.

Panels B and C of Table 3.4 repeat our structural exercise with the socially proximate. We

142



see that when we estimate the model on friend or same-caste pairs, we obtain bl = �0.061

or 0.285, respectively (neither statistically different from zero), while bg = 0.355 or 0.163,

respectively. That is, signaling is essentially of no concern, though the caste estimates are

noisy, whereas the shame parameters are both large and more precisely estimated with

confidence intervals excluding zero.

3.6 Discussion

This section discusses some implications, both for social network theory and for policy;

supporting evidence from qualitative work; and further hypotheses suggested by our results.

3.6.1 Implications for social structure

This section moves beyond the two-agent model that has been our main focus throughout.

We informally discuss how the stigma of signaling low skill can depend on and feed back

into patterns of homophily (the tendency of similar types to connect) and how this can

contribute to inequality.

Homophily

For simplicity, suppose that there are two types of agents in the network, in group47

g 2 {r, b}, and that an agent’s category and skill are independent. Consider the following

two line networks depicted in Figure 3.6: (A) shows a homophilous network, where people

of the same group tend to be neighbors within the network, and (B) shows a heterophilous

network, where group membership alternates across nodes on the line. The former pattern

is more commonly observed in a residential setting, but the latter may be induced, for

example, in a workplace.

47A group can be interpreted as caste or other demographic type.
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Figure 3.6: Homophilous and Heterophilous Networks

Notes: Figure 3.6 illustrates homophilous and heterophilous networks.

Assume that each node has a prior belief about the skill level of each of her neighbors:

pL and pR for the neighbor to the left and right, respectively, drawn from a full-support

distribution. We further assume that a node has a more accurate prior (i.e., one closer to 0

or 1) about a neighbor of the same demographic type.48

Assume for simplicity that there is no shame effect, in order to focus on signaling. In

the homophilous network, there will be chains of agents who all have strong priors about

each other’s type. Thus, they are more likely to opt into seeking information from each

other. On the other hand, in the heterophilious network, neighbors do not have strong

priors about each other’s skill, and there is greater scope for signaling across every link in

the network. As a result, individuals in a heterophilous network are less likely to engage in

social learning. This phenomenon, driven by the forces we have elucidated, feeds on itself:

less talking means less familiarity, which in turn means less talking.

Bringing the shame effect back in, assume (again motivated by the data) that the shame

effect is stronger among homophilous pairs. In this case, the shame effect would deter

learning in the homophilous network and encourage it in the heterophilous network.

Which effect dominates is an empirical question. Both our reduced-form and structural

analyses suggest that while the shame effect is stronger among the socially proximate than

48This can capture a number of effects: for instance, those of the same type may interact more frequently
(be friends socially) or perhaps be members of the same caste. What is key is that those of the same identity
may carry more information about each other, for instance simply because they have opportunity to draw more
inferences from a wider range of interactions.
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the socially distant, the signaling effect among the socially distant is so large that it serves

as the dominant deterrent. Therefore, we expect that in real-world settings, homophilous

networks should allow for greater social learning since they ought to have a lower overall

stigma effect.

Inequality

Suppose there are some agents who are known to be of high ability, with p ⇡ 1 when they

are Seekers. This may happen, for instance, because of prior interactions in which they have

convincingly signaled high ability. Suppose also that there are other, “ordinary” agents

whose abilities are not known with high confidence to be either high or low—that is, for

whom the prior p is closer to 1/2.

In this case, “ordinary” individuals are deterred from seeking by stigma, whereas our

results in case of a precise prior show that known-high-ability individuals are not. This can

create a multiplier effect and exacerbate inequalities in information. Those considered very

intelligent are permitted to ask questions and are immune to the stigma, while those who

need information more protect their reputations.

On the other hand, consider prior beliefs that have a different structure that might be

called “bad news”: some people are known to be of low ability (p ⇡ 0) but, as before, the

abilities of “ordinary” individuals are less confidently known. Then those known to be

of low ability face no signaling inhibition, whereas those whose abilities are uncertain are

more reluctant. On the other hand, in this case the shame inhibition may still deter those of

low-ability, depending on whom they are interacting with.

This sketch gives a sense of how the forces we have described may be relevant in

exacerbating inequality, paralleling our discussion of homophily above.
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3.6.2 Policy implications

Information delivery strategies

Two information dissemination strategies are often used by policymakers: broadcasting

information to all in a community (e.g., radio or television) versus seeding information with

a sparse set of individuals (e.g., through an extension program). Broadcasting information to

all in a community typically makes the broadcast public. In particular, community members

know that information has been broadcast in the newspaper or on the radio, so it is likely

that others have heard the information as well. On the other hand, seeding information with

a small set of individuals, such as the introduction of new agricultural technology via an

extension program to a village, often makes it known to the entire community the identity

of the initially informed, and that others did not receive any instruction.

Our model implies that these differences will matter not only for who is initially

informed, but also for signaling concerns and seeking incentives. In particular, if it is public

that everyone had a chance to learn, and the information is reasonably “straightforward,”

then those who need further clarification may signal low ability or laziness if they need

to seek clarification. On the other hand, if it is common knowledge that information is

delivered only to a few seeds, all others can freely seek information without a signaling

deterrent: it is known they had none to begin with.

In Banerjee et al. (2018), our model is adapted to explore how stigma concerns affect

information seeking during the 2016 Indian demonetization, in which there was widespread

confusion but also a reluctance to appear uninformed. The experiment varied whether

information about the demonetization was broadcast or seeded with five households, as

well as whether the information delivery method was common knowledge. The results

show that individuals’ asking and learning behaviors follow the patterns suggested by our

model: when there is common knowledge about how information is delivered, providing

more people with information deters communication and can actually reduce knowledge.
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Learning environments: Pros and cons of easy access to information

The findings have implications for the consequences of making information available to

those who may need it. On the one hand, the presence of stigma clearly highlights the

value of anonymous query protocols, such as Avaaj Otalo in Gujurat (Cole and Fernando,

2014). These offer individuals a way to access information without exposing themselves to

judgment by peers or shame concerns that interact with the rest of their lives.49

These implications interact in interesting ways with access to technology. Widespread

use of the Internet provides an outside option for access to information (Cole and Fernando,

2014), and the different modes of communicating and interacting may also mitigate shame.

On the other hand, the fact that information is easy to access may make it especially

compromising to still need help with it. If social learning is in fact still essential for

a substantial number of people to make good use of information, then the increase in

signaling or shame concerns can in fact outweigh the value of access (Banerjee et al., 2018).

Thus, in the spirit of Gagnon and Goyal (2017), it is important to investigate when a learning

environment amplifies the frictions we have been emphasizing, and when it alleviates them.

3.6.3 Further hypotheses

This section offers hypotheses suggested by our study. One comes from an experimental

finding, and the other is an implication of the theory.

Revealing need and pridefulness

Recall from Section 3.4.4 that in the (Skill, Reveal) treatment when the Advisor is aware of

the Seeker’s need for information, the seeking rate increases. As we noted there, in this

treatment, for the low-ability types we focus on, the Advisor learns that the Seeker has low

ability. Therefore, she learns with certainty that the Seeker needs advice, and further, the

49Of course, such concerns can be present—though probably to a lesser degree—in relatively anonymous
interactions (Goldfarb et al., 2015).
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need for advice is generated by his low skill. Finally, these facts are all commonly known

(at least in an approximate sense) between the Seeker and the Advisor. This feature of

the treatment within this subgroup is somewhat peculiar. But the surprising outcome we

observe there—a strong positive effect on seeking, especially among friends—does suggest

some hypotheses for future study.

In particular, given the common knowledge we have described, if the Seeker chooses not

to seek advice, he may be signaling an unwillingness to ask for help, which might be called

pridefulness. Our model can be readily extended to posit that agents care about how others

assess attributes of theirs beyond the main one—ability—that we have been concentrating

on. In view of such concerns, agents could be reluctant to signal such an attribute. Another

way of looking at the relevant attribute is that it can be considered good to seek the help

of a friend, and refusing to do so when it’s clearly needed is a negative signal about the

relationship. Note that in all other treatments, there are benign reasons not to be seeking

advice, even for the low-skill group—the simplest one being not having a need for it.

This hypothesis is formulated after making our observations, and is necessarily tentative.

But the relevance of perceived need on seeking behavior is potentially important, and could

even be leveraged to encourage learning.

Welfare and removing stigma

In our model, there may be a unique equilibrium or multiple equilibira. This occurs for

fundamental reasons rather than due to peculiar off-path beliefs, which are often driving

multiple-equilibrium effects in signaling models. Recall equation 3.3 in Section 3.2. A stable

equilibrium is a v at which the left-hand side and right-hand side intersect, with R(v) having

a slope of less than 1 in absolute value at the point of intersection. Whether there is just one

such intersection or several depends on the shapes of the functions j, y, GL, and GH.

When there are several stable equilibria, shifting between equilibria can have substantial

welfare consequences. Considering only the preferences in the model (i.e., those of Seekers),

the equilibria will have different levels of welfare in utilitarian terms, though in general a
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shift may be better for some ability types and worse for others. In a richer model, the gains

to the Seekers would have to be traded off against the value to Advisor of learning more

about the Seeker’s type.

A shift between equilibria gives a meaning to the intuitive notion of “removing the

stigma” of asking questions. For example, an intervention may involve inducing people to

ask questions by providing idiosyncratic, one-time rewards for doing so, essentially adjusting

the shocks—ideally in a way that is not known to everyone (to avoid an adjustment in

the equilibrium). This can change the interpretation of the act of seeking. Once these

interpretations change, the new equilibrium can persist under the old fundamentals. Note

that our approach need not entail changing the shape of j or y, which are fundamental

parameters describing how agents value reputation and interactions. On the other hand,

some interventions could have their effect by changing fundamentals temporarily. Analyzing

these in detail would require a fuller theory of learning and equilibrium adjustment.

The economic fundamentals of the model involved in (3.3) determine whether temporary

policies of this sort can improve welfare. Consider an example illustrated in Figure 3.1 (B),

where points A and B represent two stable equilibria. Suppose a society starts at point B,

which represents a higher cutoff v for seeking information. It is possible that a one-shot

incentive to seeking, which induces more people to seek information, can “remove the

stigma" and lead to the other stable equilibrium represented by point A. In this case, the

cutoff v is lower, and there is a greater degree of information flow within the society.50

Finally, note that some of the interventions that reduce signaling deterrents also mitigate

shame. In particular, if seeking can somehow be made less informative about one’s type,

whether by shifting among equilibria or by changing the fundamentals of the model, then

individuals who were deterred exclusively by shame will seek more. On the other hand,

some other interventions that eliminate signaling severely worsen shame concerns and

50Even though our illustrations so far have involved both signaling and shame, multiple equilibria can,
of course, occur with only signaling—i.e., in a model where y(·) = 0. Panel C illustrates this, holding the
parameters used in Panel B fixed but turning off the shame effect. Note, however, that in this case the worse
equilibrium, B, actually has a lower cutoff than when shame was present, and therefore a lower reputational
cost.
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dramatically deter seeking by low types—our (Revealed, Random) treatment being the most

prominent example.

3.7 Conclusion

This paper offers theory and evidence on how information-seeking can be dampened by an

endogenous stigma of asking questions. In particular, the act of seeking advice may signal

that one is of low ability. Further, there may be an aversion to interact with someone in

view of an unfavorable assessment, aside from signaling concerns—a phenomenon we have

called shame. We develop a simple model to think about how stigma, through signaling and

shame, can affect social learning and then conduct an experiment to explore this mechanism,

identifying which effects are operating and how strongly. We find evidence in favor of the

view that individuals do worry about both signaling and shame in information-seeking, and

this can deter social learning. The signaling and shame effects are different in terms of when

and how they operate: signaling matters more when agents need to exchange information

with strangers or acquaintances, whereas shame matters more with friends.

In closing, it is useful to benchmark the frictions we have identified against other, familiar

sorts of social boundaries. The decline in seeking rate due to stigma when we move from

(Random, Private) to (Skill, Private) is 1.5 (respectively, 5) times as large as the decline in

seeking rate due to the Advisor not being a friend (respectively, not being of the same caste

as the Seeker). Similarly, the decline in seeking rate due to shame in going from (Random,

Private) to (Skill, Revealed) is 1.75 (respectively, 6) times as large as the decline in seeking

rate due to the Advisor not being a friend (respectively, not being of the same caste). To

the extent that social and caste connections are significant in communication frictions, this

suggests that seeking frictions due to stigma can have comparable effects.

We have highlighted (in Section 3.6.1) that perception concerns play an important role

in mediating the activation of information networks. These concerns can distort network

formation outcomes even relative to what is efficient for the people involved (Niehaus,

2011). The nature of the distortion will vary across settings. But broadly, this observation
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suggests a practical connection between the behavioral literature on signaling and related

phenomena (Bénabou and Tirole, 2006; Bursztyn and Jensen, 2017) and the network literature

on endogenous network formation (Galeotti and Goyal, 2010; Acemoglu et al., 2014), as

well as work on inequality and social structure more broadly. On the policy side, we have

emphasized the implications of signaling and shame concerns for the design of information

interventions (such as public announcements) and various opportunities (hotlines, extension

services, etc.) designed to facilitate learning.
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Appendix A

Appendix to Chapter 1

A.1 First stage regressions in alternative samples

We choose the 4,000 to 8,000 population range in order to obtain a sample of towns that

are largely comparable and hence less likely to be subject to omitted variable bias. The

first stage regressions are robust and more statistically significant with wider population

ranges. In Panel A and B of Table A.1, we present first stage regression results for 1880

population between 2,000 and 10,000, as well as between 3,000 and 9,000 in 1880, respectively.

In both cases, having fewer than 6,000 population is strongly associated with the likelihood

of obtaining a national bank once we control for population levels or changes.

In Panel C of Table A.1, we expand our main sample to include all towns that already

had a national bank as of 1875. The first two columns suggest that when all of these towns

faced lower entry cost in the 1870s, smaller towns were less likely to obtain a national bank.

Column (3) and (4) show that our 1880 population cutoff is not correlated with the existence

of national bank in 1885. This is likely due to state bank conversions—larger towns were

more likely to have state banks and subsequently more national banks converted from

those state banks. This force operates in the opposite direction as the instrument. Although

state banks usually had much lower capital requirements than $50,000, in reality they often

operated with much larger capital (Knox, 1900), and the conversion to national bank charters
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Table A.1: Alternative Samples for First Stage Regressions

Panel A: National Bank Entries and Town Population (2,000 to 10,000)
1(National Bank)

(1) (2) (3) (4) (5) (6) (7)

1(pop<6k) 0.134 0.342*** 0.331*** 0.356*** 0.240***
(0.0831) (0.0795) (0.0708) (0.0736) (0.0669)

Population in 1880 0.0000365*** 0.0000476*** 0.000179*** 0.000137***
(0.00000979) (0.0000120) (0.0000161) (0.0000168)

Population in 1870 -0.000175*** -0.0000947***
(0.0000155) (0.0000171)

D Pop(1870:1880) 0.000146*** 0.000177*** 0.000117***
(0.0000132) (0.0000146) (0.0000160)

State FE Y Y
N 826 826 826 826 826 826 826

Panel B: National Bank Entries and Town Population (3,000 to 9,000)
1(National Bank)

(1) (2) (3) (4) (5) (6) (7)

1(pop<6k) 0.0571 0.229** 0.298*** 0.361*** 0.294***
(0.115) (0.108) (0.0861) (0.106) (0.0835)

Population in 1880 0.0000141 0.0000234 0.000147*** 0.000156***
(0.0000196) (0.0000271) (0.0000294) (0.0000309)

Population in 1870 -0.000174*** -0.000130***
(0.0000220) (0.0000254)

D Pop(1870:1880) 0.000135*** 0.000168*** 0.000136***
(0.0000193) (0.0000214) (0.0000246)

State FE Y Y
N 333 333 333 333 333 333 333

Panel C: Population Cutoff and Presence of National Banks
1(National Bank in 1875) 1(National Bank)

(1) (2) (3) (4)

1(pop<6k) -0.194* -0.186*** -0.0747 -0.0629
(0.105) (0.0662) (0.108) (0.0681)

Population in 1880 -0.0000903** -0.00000662
(0.0000449) (0.0000462)

Population in 1870 0.0000860*** 0.000000177
(0.0000264) (0.0000271)

D Pop(1870:1880) -0.0000867*** -0.00000126
(0.0000252) (0.0000260)

State FE Y Y Y Y
Adj. R2 0.311 0.314 0.243 0.245
N 341 341 341 341

Notes: Panel A and B of Table A.1 presents first stage results with alternative population ranges around the 6,000 cutoff.
Panel A uses the sample where 1880 population 2 [2, 000, 10, 000] and Panel B uses the sample where 1880 population
2 [3, 000, 9, 000] Panel C expands the main sample (population in 1880 2 [4, 000, 8, 000] and population in 1870 < 6,000) by
adding towns already had national banks as of 1875.

was minimally constrained by the capital requirement defined in the National Banking Act.

We therefore focus on the changes in access to national banks by studying the towns with

no national bank as of 1875.
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A.2 Banking system before the National Banking Act

The idea of establishing a unified banking system across the United States was several

decades earlier than the passage of the National Banking Act. The First Bank of the United

States, charted for a term of twenty years by the Congress on February, 1791, operated

in Philadelphia and was the nation’s de facto central bank. Alexander Hamilton, the first

Secretary of the Treasury, believed a national bank was necessary to stabilize and improve

the nation’s credit, and proposed federal mint as common currency. However, the bank faced

widespread resistance due to concerns of expanding federal power, which was famously led

by the Secretary of State Thomas Jefferson. The bank charter was not renewed and expired

in 1811.

In 1816, the Second National Bank started operation with similar functions as the First

Bank of the United States. As of 1832, the Second National Bank operated more than 30

branches nationwide. However, the political clashes over the power of a national bank

system eventually led to failure of its charter renewal in 1836, which marked the beginning

of the Free Banking Era.

A.3 Additional evidence of bank debt illiquidity in the Free Bank-

ing Era

The large number of floating exchange rates created inconvenience in economic activity. For

example, a case record compilation of the United States supreme court between 1843 and

1846 (Stephen K. Williams, 1901) contains a case regarding the value of a loan, and how its

value had changed over time:

[...] the defendant did [...] receive the amount of said loans from the plaintiffs
in the bank notes of Virginia and of other States, which, [...] were depreciated
considerably below the current value of the bank notes of this district [...]
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The frictions stemmed from state bank notes illiquidity was especially detrimental to

interstate transactions. As a contemporary traveler illustrated the magnitude of the cost in

his diary (Dewey, 1910):

Started from Virginia with Virginia money; reached the Ohio River; exchanged
$20 Virginia note for shinplasters and a $3 note of the Bank of West Union

[...] At Maysville wanted Virginia money; couldn’t get it.

[...] reached Fredericktown; there neither Virginia nor Kentucky money current;
paid a $5 Wheeling note for breakfast and dinner; received in change two $1
notes of some Pennsylvania bank, $1 Baltimore and Ohio Railroad, and balance
in Good Intent shinplasters; 100 yards from the tavern door all notes refused. [...]
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Appendix B

Appendix to Chapter 2

B.1 Infogroup Data Processing

B.1.1 Overview of Infogroup data

Infogroup is a data provider that collects and updates business location data since 1997.

They gather information on newly established business locations via various media coverage

and utility companies. Every year, Infogroup makes millions of phone calls to verify the

status of operation of the existing business establishments on their record and update

accordingly. The database is a snapshot of its archive as of the end of each calendar year.

Natually, there could be some inaccuracies due to the time lag between verification and data

extraction.

Firms are identified by a “parent number," and a business establishment is identified by

a business identifier. Natually, many business identifiers are linked to one “parent number"

if they belong to the same firm. For a majority of public companies, a “parent number"

is also linked with a stock ticker, which is essential for linking business locations to other

public company data, such as balance sheet information and stock returns.

Infogroup aims to provide detailed information on all business establishments, including

their location, size, and industry classification. However, establishment size, measured

by number of employees or total sales is not reliable, especially for public companies, as
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Infogroup tends to repeat size data from previous years, or simply divide the total amount

of sales and number of employees reported by public companies by their total number of

stores. Another significant issue with Infogroup data is its selection bias for public firms

delisted prior to 2016. For example, if a firm was public between 2000 and 2005, and went

private or bankrupted in 2006, then this firm is usally not matched with a stock ticker.

Overall, Infogroup contains rich information on business establishments, and provides

potential linkage to other datasets, but there are also imporant issues to consider when

using this data for empirical research.

B.1.2 Sample Selection

To avoid selecting only on surviving public firms in Infogroup, I started the construction

of the sample by hand-collecting a list of public firms in retail, restaurant, hospitality, and

entertainment industries that operate chain stores. I collected this list from various online

sources, such as MarketWatch.com, Investnips.com, and Wikipedia.org.

B.1.3 Matching and Data cleaning

For the subset of firms for which Infogroup does not provide stock tickers, I manually link

their “parent numbers" with historical stock tickers for the years they were public. They are

then combined with the firms with Infogroup provided stock tickers to produce the final

list of firms.

Data cleaning was done by examining the firms in the sample one by one and manually

correcting mistakes. They are mainly four types of special cases to correct. First, some

public firms may experience a period where a private firm obtains majority stakes. For most

of these cases, Infogroup failes to provide the parent-to-ticker link for those years, and I

manully filled in the stock tickers.

Second, Infogroup sometimes classifies a firm’s suppliers as its subsidiaries. This is not

very common, but I also exclude the supplier firms from those firms’ list stores.

Third, for certain types of firms, it does not make a lot of sense to include all of its
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subsidiaries. For example, the bakery department inside of a Walmart store, is often counted

as a separate establishment, even if it shares the same location as the store. Since Walmart’s

major business is selling groceries and appliances, etc., I drop all Walmart establishments if

the busines name indicates that it is a bakery department. The same applies to most other

large supermarket chains. The excluded departments are mainly the bakery department,

and the florist department.

Lastly, Infogroup not only keeps records of the customer-facing business establishment,

but also all supporting facilities, such as corporate accounting, human resource, warehouse,

customer service, regional corporate office, etc. They all appear in business names but with

various kinds of abbreviations. I manually excluded all of these from the list of a firm’s

establishment.

In sum, the data cleaning process aims to produce the final data set that best captures a

firm’s store distributions across the country and throughout the years, by filling in missing

links and excluding irrelavant business establishments.

B.1.4 Calculation of changes in the number of stores

In Section 2.5, I calculate firms’ annual changes in the number of stores in all states. There

are two major challenges in this calculation. First, I do not wish to include establishments

that are new to a firm through acquisition, since acquisition usually involves ownership

changes to many stores at the same time, the action is often based on more considerations

than regional economic growth. Second, the data set use in previous sections is observations

by firm-state-year for all states and years where a firm has at least one establishment. To

study firm’s expansion decisions, I also wish to calculate the number of news stores in a

state where the firm doesn’t operate in the previous years.

The algorithm for calculating changes in the number of stores for a firm in a state and

year is to separately calculate the newly added and closed stores, and take the difference.

The newly added stores are identified by new business identifiers associated with individual

business establishments that first appear after the firm’s first appearance in the Infogroup
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universe. This excludes all business locations that existed as another firm’s subsidiaries.

For example, if Firm A first appears in the Infogroup universe in 2006, and a Firm A’s

subsidiary Business X’s business identifier first appears in 2008, then I classify it as a newly

added store. Similarly, a closed store is identified by individual business identifiers that last

appear before the last year of the firm’s existence in the Infogroup universe. This algorithm

is also convenient for identifying firms expanding into new states.
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Appendix C

Appendix to Chapter 3

C.1 Theoretical details and proofs

C.1.1 Definition of equilibrium

A (mixed) strategy for the Seeker is a map s : {H,L}⇥R ! [0, 1] where s(a,w) is the

probability of d = 1 given ability a and a realization of V equal to w. A belief function for

the Advisor is a map b : {0, 1} ! [0, 1] giving the posterior belief that a = H conditional on

observing d. The Seeker’s payoff is

U(d) = V(d) + j (b(d)) + d · y (b(d)) . (C.1)

A Bayes-Nash equilibrium is defined to be a pair (s, b) where b is consistent with Bayesian

updating assuming the Seeker plays according to s, and s maximizes the Seeker’s payoff

(among all s) taking b as given.

C.1.2 Proof of Proposition 1

Equation (C.1) above implies

U(1)�U(0) = V(1)�V(0)� [j(b(0))� j(b(1))� y(b(1))] . (C.2)
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Given V = V(1)�V(0), this difference does not depend on a. Thus (up to probability-zero

events) by the no-atoms assumption, in any best-response profile the Seeker will choose

d = 1 if the difference is nonnegative, i.e. if

V � j(b(0))� j(b(1))� y(b(1)). (C.3)

Inferences

Consider any strategy profile in which d = 1 is chosen if and only if V � v. First we will

use Bayes’ rule to compute the Advisor’s inferences based on the seeking behavior for any

v. As a preliminary calculation, note that in such a strategy profile,

Pv(d = 1 | a) = P(C = 1)Ga(v)

= qGa(v)

Pv(d = 0 | a) = 1� Pv(d = 1 | a)

= 1� qGa(v).

Letting bv(d) denote the beliefs induced by this cutoff rule, we compute by Bayes’ rule that

bv(0)
1� bv(0)

=
Pv(a = H | d = 0)
Pv(a = L | d = 0)

=
p

1� p

1� qGH(v)
1� qGL(v)

(C.4)

and
bv(1)

1� bv(1)
=

Pv(a = H | d = 1)
Pv(a = L | d = 1)

=
p

1� p

GH(v)
GL(v)

. (C.5)

Equilibrium condition

In any equilibrium the Seeker with V = v has to be indifferent between seeking and not

seeking. This means (C.3) holds with equality, where bv(0) and bv(1) are determined by

(C.4) and (C.5), respectively. Thus for the cutoff type we have

v = j(bv(0))� j(bv(1))� y(bv(1)), (C.6)

with the b determined as we have said.
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Existence of cutoff

A v solving (C.6) exists because the right-hand side of (C.3) is a continuous function of v

(by Assumption 2) bounded in absolute value (by boundedness of the functions j and y),

and thus taking values in some bounded interval I. The function v 7! v is a continuous

function crossing the interval I, so there must be a solution of (C.6) by the Intermediate

Value Theorem.

Positivity of cutoff

Now we argue that any v solving (C.6) is positive. At v  0, the left-hand side is nonpositive.

By Lemma 1 in Section C.1.6 below, bv(1) < bv(0). By the Law of Iterated Expectations, since

bv(1) and bv(0)must average to the prior p, it must in fact be the case that bv(1) < p < bv(0).

Putting this together with our assumptions that j is increasing and that y in increasing

with y(p)  0, it follows that the right-hand side of (C.6) is positive for any v. Thus there

are no solutions with negative v.

C.1.3 Proof of Proposition 2

Proposition 1 in Section C.1.6 establishes that the cutoff is the same for both types. Lemma

1 establishes that bv(1) < bv(0).

C.1.4 Proof of Proposition 3

If it is hypothesis (1) that holds, and the prior becomes precise, then using (C.4) and (C.5)

we can verify that bv(d), for any v and any d, tends to p. Thus, the right-hand side of (C.6)

tends pointwise to 0, and so the v solving (C.6) must be very close to 0. Using the formulas

in Section C.1.2 above, it follows that

Pv(a = H | d = 1)
Pv(a = L | d = 1)

� Pv(a = H | d = 0)
Pv(a = L | d = 0)

! 0.
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In other words,
P(a = H | d = 1)

1� P(a = H | d = 1)
� P(a = H | d = 0)

1� P(a = H | d = 0)
! 0.

Since the function x 7! x
1�x is increasing and continuous, this shows that

P(a = H | d = 1)� P(a = H | d = 0) ! 0.

The argument assuming that (2) holds is very similar.

C.1.5 Proof of Proposition 4

Write condition (C.6) defining the right-hand side as R(v), so that

v
l
= R(v) := bj(bv(0))� bj(bv(1)). (C.7)

If 1/l is larger than the maximum slope of the right-hand side, it is clear (from the

Mean Value Theorem) that there cannot be two values of v satisfying the equation.

Now for the “large l” result: first note that R(v) 6= 0 for any v by the “strict” aspect

of Assumption 1 on first-order stochastic dominance. Choose an arbitrarily large v0. Let

R0 be the minimum of R over [0, v0], which is strictly positive. Choose l so large that v/l

remands less than R0 over the same interval. Then any intersection must satisfy v0 > 0. For

v0 chosen large enough, the probability of seeking will be arbitrarily small.

C.1.6 Auxiliary results

Lemma 1. For any v 2 R,

p

1� p

GH(v)
GL(v)

<
p

1� p

1� qGH(v)
1� qGL(v)

. (C.8)

and consequently the bv(0) and bv(1) defined by (C.4) and (C.5) satisfy bv(1) < bv(0).

Proof. The ratios are well-defined by Assumption 2. By Assumption 1 on first-order

stochastic dominance, we have GH(v)
FH(v)

< GL(v)
FL(v)

, and therefore

p

1� p

GH(v)
GL(v)

<
p

1� p

FH(v)
FL(v)

.
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Also by Assumption 1 on first-order stochastic dominance,

p

1� p

GH(v)
GL(v)

<
1
1
.

Now, for any positive reals x, y, z, y0, z0, if we have x < y/z and x < y0/z0 then it follows

that x < qy+(1�q)y0
qz+(1�q)z0 . Thus,

p

1� p

GH(v)
GL(v)

<
p

1� p

qFH(v) + (1� q)
qFL(v) + (1� q)

.

To deduce the desired equation, use the identity Ga(v) = 1� Fa(v) to show

p

1� p

qFH(v) + (1� q)
qFL(v) + (1� q)

=
p

1� p

1� qGH(v)
1� qGL(v)

. (C.9)

This completes the proof of the first statement. The ordering of bv(1) and bv(0) follows from

the fact that the function x 7! x
1�x is strictly increasing for x 2 (0, 1).

C.2 Experimental materials

C.2.1 Skill test

We present sample questions from the skill test. Two examples are shown in Figure C.1

C.2.2 Score to clues

We present the mapping from the skill test score to the number of clues drawn in the Skill

treatment in Figure C.2.

C.3 Structural estimation

We take a simple stand on preferences where the reputational and interaction payoffs are

linear functions of posterior beliefs:

Ua (d) = ad+ bP (kd) + lP (a = H | d) + gd

P (a = H | d)� 1

2

�
� u,
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Figure C.1: Examples from Skill Test

where u is Type I extreme value. In that case the marginal utility of seeking is

DdUa (d) = a + bDdP (kd) + lDdP (a = H | d) + g


P (a = H | d = 1)� 1

2

�
� e

where e independent across individuals and its distribution is logistic, with a c.d.f. given by

L(·).

The role of priors can be thought as follows. Though the presentation is for the case

of p = 1/2, when priors deviate from this, they are, in a first-order sense, absorbed into

l. Suppose, for instance, that the Advisor thinks the paired Seeker has an ability less than

1/2. Then a first-order approximation yields that the estimated l decomposes into the

underlying utility parameter multiplied by an attenuation factor reflecting that beliefs are

updated less when the prior is stronger. It is in this sense that priors that vary by whether

the pair are friends versus strangers can greatly change the effect of signaling on decision
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Figure C.2: Score to Clues Schedule.

making through a smaller l. The shame term, on the other hand, depends only on the

posterior.1

Thus the probability that the individual chooses to seek is simply

P(d = 1) = L
✓

a + bDdP (kd) + lDdP (a = H | d) + g


P (a = H | d = 1)� 1

2

�◆
.

The experimental variation allows us to identify parameters of the model in a rather

straightforward way. Because we observe the share of a-type individuals who choose to

seek as well as the change in information, DdP (kd), and the type share conditional on a

seeking decision, P (a = H | d), we can estimate all pieces of the model.

Specifically, we can obtain estimates of a and b directly from a logistic regression with

1We could change the reference point from 1/2 to another value, even one that is relationship-dependent,
but for this simple exercise we aim to keep the number of parameters small.

173



the (Random, Private) data:

di = L (a + bP (kd)i)

Note that under (Random, Private), we have DdP (a = H | d) = 0 (since ability is unrelated

to the need to seek) and, averaging across the population, P (a = H | d = 1) = 1
2 .
2

With
⇣
ba, bb

⌘
, we then estimate for q = (l,g),

bq = argminq2R2 bm (q)0 bm (q)

where the moments are given by simply matching the empirical share of those who seek

in each treatment with the probabilities when evaluated at the appropriate parameters.

The first is simply the share of low types who seek in the (Random, Revealed) treatment

minus the quantity that, in equilibrium, it is equal to: the c.d.f. at the estimated parameters.

The second moment is the share of low types who seek in the (Skill, Private) minus the

prediction of this at the estimated parameters.

We use the following moments by treatment, where the sums and normalizations are

over the respective samples:

1. (Random, Revealed, Low type):

bm1 (q) :=
1
n Â

i
di � L

✓
ba + bbP (kd)i + g

✓
0� 1

2

◆◆
.

2. (Skill, Private, Low type):

bm2 (q) =
1
n Â

i
di�L

✓
ba + bbP (kd)i + lDdP (a = H | d) + g

✓
P (a = H | d = 1)� 1

2

◆◆
.

Recall that all of P (kd)i, DdP (a = H | d), and P (a = H | d = 1) are observed quantities

in the data.

We conduct inference by block-bootstrap. Specifically, we sample with replacement 70

villages and then recompute
⇣
bab, bbb, blb, bgb

⌘
for b = 1, . . . , B, here B = 500, to compute

standard errors. We also bootstrap bias correct our parameter estimates.

2This uses less information than jointly estimating all moments together, but is sufficient for our purposes.

174



C.4 Foundations for the reputational payoff

For example, suppose that the the Advisor receives utility Wa from collaborating with the

Seeker on some later project if the true skill is a. If the Advisor chooses to collaborate,

the Seeker receives a deterministic payoff of l > 0 which enters his utility additively. The

Advisor wants to collaborate if and only if

P(a = H | y)
P(a = L | y) � �WL

WH
. (C.10)

The ratio �WL
WH

corresponds to the relative value of working with a high-skill Seeker compared

to the loss of working with a low-skill Seeker, and corresponds to the odds—in the likelihood-

ratio sense—required to make working with this person worthwhile. Let H be the c.d.f. of

�WL
WH

and assume it has a positive density supported on the positive reals. The utility of a

Seeker of skill a is then

Ua(d) = V(d) + lH
✓
P(a = H | d)
P(a = L | d)

◆
.
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C.5 High stakes

We reran our experiment in a new sample of subjects all of low score in two treatments

(Random, Private) and (Skill, Private). The goal was to make the expected payoffs consider-

ably larger conditional on guessing correctly, now Rs. 330 along with the same chance ti

win the Rs. 1350 phone, but now changing the odds to make the value of seeking almost

miniscule for a high type and enormous for someone with low clue count.

In this case, k 2 {2, 6}, so the number of clues is binary. Further, while the probability

of a clue being correct in the low case is 0.6, it is 0.8 in the high case. This corresponds to

an individual with 2 clues of quality 0.6 being about 60% likely to make the right decision

whereas the number is 94% for someone with 6 clues of quality 0.8. Finally, Advisors always

receive 8 clues of quality 0.8. This implies that getting the clues from the Advisor leads to

getting the right choice 96% of the time. Therefore, the expected gains in monetary terms

for someone who received a high number of clues here is Rs. 7, whereas it is Rs. 110 (just

under a day’s wage) for someone who received a low number of clues.

Figure C.3: Seeking rates by treatment across 134 subjects who have low IQ and low clue count.
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Figure C.3 presents the results graphically.3 As in our main experiment, (Random,

Private) has a mean seeking rate of 0.2. This drops by 9.31pp when we move to (Skill,

Private). This suggest that the sizeable reduction in seeking due to the signaling effect

persists even when we raise the stakes considerably.

Table C.1: High Stakes Results

(1)
VARIABLES Seek

Skill -0.0931
(0.0624)

Observations 134
Random, Private Mean 0.200

Notes: Robust standard errors are reported in parentheses.

3A regression with heteroskedastic-robust standard errors yields significant differences between the two
treatments.
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