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ABSTRACT 

 

We estimate how variation in credit costs shapes U.S. entrepreneurship. Using 

a novel index counting the number and quality of daily business registrations 

from 1988 to 2014 and identification through heteroskedasticity, we show that 

small changes in the U.S. risk-free rate (3-month Treasury Bill) lead to a 

negative and heterogeneous effect on firm founding rates.  A one percentage 

point increase is associated with a drop of 6.3% in the number of new firms 

founded, seven days later, and 3.4% in the quality-adjusted quantity.  The rate 

of firm formation gets back to baseline after six weeks, and there is no 

corresponding overcompensation, suggesting the loss is permanent. 
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I. Introduction 

One of the most celebrated roles of finance is redirecting capital into entrepreneurial 

projects that unleash economic growth (Zingales, 2015; Kerr and Nanda, 2009).  But how 

much does the cost of financing, by itself, actually matter for entrepreneurship in a 

contemporary well-developed economy?  In this paper, we make progress on this question 

by studying the impact of short-term variations in credit costs on firm formation in the 

United States. 

A significant amount of work has already documented the broad importance of credit 

for entrepreneurship. For example, survey data shows a large portion of startups rely on credit 

(Robb and Robinson, 2014); difference-in-differences cross regional studies show improving 

financing institutions increases firm formation (Kerr and Nanda, 2010; Chatterji and 

Seamans, 2012; Chava et al, 2013; Cerqueiro et al, 2016; Kirshnan et al, 2015; Guzman, 

2020); and studies using unexpected shocks to person-specific capital, such as a housing 

boom or inheritance, show additional capital leads to entrepreneurial entry (Hurst and 

Lussardi, 2004; Adelino et al, 2015, 2016; Corradin and Popov, 2015).  However, while this 

evidence manifests the importance of entrepreneurial finance (and its design), it does not 

directly estimate whether and to what extent credit matters for entrepreneurs. As the credit 

supply changes, what is the response of overall firm entry for the U.S. (or other developed 

economy), who is affected, and for how long does any impact last? 

Developing these estimates is important to finance research for at least two reasons.  

First, as a proof of existence (critical to scientific discourse) of the impact of credit on 

entrepreneurship.  Reasonable critics might attack existing evidence of the role of credit on 

entrepreneurship, for example, by arguing that the impact of housing (or other) shocks is 

confounded by a range of psychological changes on people who suffer them (see, for e.g., 

Malmedier et al, 2019), and that studies of financing institutions reflect a complete overhaul 
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of ‘the rules of the game’ that go beyond simply changes in the amount of credit available.   

Under a narrow definition of finance as simply the supply of capital, it is therefore not clear 

how much credit itself matters.2  Even if there is, today, high incidence in the use of credit, 

these measures could also overstate its importance since entrepreneurs can have other 

alternatives easily accessible to them in its absence.  

 Second, the impact of credit on U.S. entrepreneurship is a guide for financial research 

and policy.  Policymakers, from the Federal Reserve to local economic programs, need to 

understand how much more can credit help on average, and who are the most credit 

constrained entrepreneurs. Are they the growth-oriented ones, whose projects usually require 

a lot more capital, or the less growth-oriented, who tend to have less financing alternatives 

available and are less likely to take equity investments?   

 Our paper provides answers to these questions.  Using a new index of the quality and 

quantity of daily U.S. firm formation from 1988 to 2014, we implement an identification 

through heteroskedasticity approach to estimate the impact of small changes in U.S. base 

interest rates (which should have no psychological impact on entrepreneurs) on overall U.S. 

firm founding.  Our results show negative, significant, and heterogeneous effects.  A one 

percentage point increase in the U.S. 3-month T-Bill is associated with a drop of 6.3% in the 

number of new firms founded, seven days later, and 3.4% in the quality-adjusted quantity.  

The rate of firm formation gets back to baseline after six weeks, and there is no 

corresponding overcompensation, suggesting the loss is permanent. 

We begin by briefly outlining our identification approach, since it has not been 

previously used in entrepreneurship research. Figure 1 documents the heteroskedastic 

relationship that is the basis of our identification strategy.  It plots two measures over 

                                                 
2 These effects are also often identified in unique sub-populations, such as people who might receive an 

inheritance (Hurst and Lusardi, 2014), but it is hard to make reasonable extrapolations from this sub-population 

to the whole economy.   
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time.  The first is the running six month standard deviation of the U.S. risk free short-

term interest rate (3-month T-Bill).  We observe significant variation in this measure – 

that is, there is heteroskedasticity.  The figure also plots the running six month correlation 

between the interest rate and the log of our daily index of quality-adjusted 

entrepreneurship (called RECPI), which is the number of daily firm registration events in 

that day adjusted for their estimated quality at founding.  There is appreciable 

comovement between these two measures.  The correlation between the two is on average 

slightly positive. This is likely driven by unobserved variables that influence both the 

interest rate and entrepreneurship in the economy. However, when the interest rate varies 

more substantially, it plays a more significant role in determining outcomes, and the 

correlation turns more negative.  That is, intuitively, if we consider the entrepreneurship 

process as determined by interest rates 𝑖𝑡, and other unobserved factors 𝜖𝑡 

𝐸𝑡 = 𝛽𝑖𝑡 + 𝜖𝑡 

then the role of 𝑖𝑡 in determining changes in 𝐸𝑡 is more relevant when there is more 

variance in 𝑖𝑡.  

Figures 2A and 2B plot a simulation to show this clearly, using two variance 

regimes for 𝑖𝑡, but the same 𝛽 and same 𝜖𝑡 across regimes. Figure 2A is a low-interest 

rate regime.  In this regime, the realized observations are scattered all over the place 

because most of the variance comes from 𝜖𝑡.  On the other hand, in Figure 2B, the high 

variance regime, the role of the interest rate becomes more relevant and the slope of the 

curve is now traced out.  We implement the approach of Rigobon (2003), which shows 

how one can take advantage of these differences to back out 𝛽.  As long as changes in the 

variance of other determinants are not too correlated and 𝛽 is stable across regimes 

(assumption that we are able to test) it is identified (see also Lewis, 2019).  
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Our results document three novel findings on the impact of credit on U.S. 

entrepreneurship. First, we estimate a negative impact of the interest rate on firm 

formation 7 days later.  A 1 percentage-point increase in the interest rate is associated 

with an average 3.4% decrease in the flow of quality-adjusted quantity entrepreneurship, 

with a 95 percent confidence interval from -0.073 to 0.005. This result is robust across a 

series of specifications and subsamples.  Importantly, it represents the average change for 

the whole United States during our time-period, rather than a specific sub-sample.    

Second, the impact of the interest rate in the total quantity of firms—that is, 

without adjusting for variation in their quality—is higher than the quality-adjusted result.  

A 1% increase in the interest rate decreases the quantity of entrepreneurship by 6.3% 

seven days later.  This higher coefficient is consistent with the idea that is it the lower 

quality firms that are more sensitive to everyday changes in the cost of financing.  When 

credit expands, it tends to expand at the lower end of the firm quality distribution.  

Finally, third, by using different lags and leads of our entrepreneurship index, we 

document the time dynamics of the change in interest rates. We find no pre-trends in the 

estimated effect, supporting the validity to our approach.  We then observe a quick 

response after the interest rate shock, which is already observable by day four. The 

negative impact of the interest rate on entrepreneurship is lowest fourteen days after the 

shock and continues to be negative and statistically significant up to six weeks later.  The 

point estimate gets back to zero seven weeks after the interest rate shock.  There is no 

compensating overshooting afterwards, suggesting the loss is permanent.  For 

completeness, at the end of our empirical results, we also try to implement our approach 

using variation in the long-term interest rate (rather than short-term), and on the spread, 

but find pre-trends in the response.  The impact of long-term rate changes is not identified 

with our methodology. 
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These results contribute to a range of literatures connecting credit constraints to 

entrepreneurship. This includes work directly emphasizing on entrepreneurial cash 

constraints and its impact on the economy (Evans and Leighton, 1989; Evans and 

Jovanovic, 1989; Holtz-Eakin et al, 1994; Gentry and Hubbard, 2001; Blanchflower and 

Oswald, 1998; see Kerr and Nanda, 2009, for a review), work assessing financing 

institutions and entrepreneurship (Chatterji and Seamans, 2012; Kerr and Nanda, 2010; 

Adelino et al 2015, 2016; Corradin and Popov, 2015, Cerqueiro et al, 2016; Guzman, 2020), 

and macroeconomic estimates of the impact of monetary policy in general (Romer and 

Romer, 1989; Romer and Romer, 2004; Rigobon and Sack, 2004; Coibon, 2012; Gertler 

and Karadi, 2015; Tenreyro and Thwaites, 2016; Nakamura and Steinsson, 2018).  Vis-à-

vis this prior work, our paper is the first to estimate the impact of credit on average for all 

new firms in the U.S. (rather than a small subset used in convenience for identification) ; 

the first to estimate the short-term impact of credit for startups (seven days later); and the 

first to incorporate a heterogeneity measure to better assess who is impacted by credit 

changes.  Our results are also identifying off of small exogenous credit changes that are 

less likely to create psychological impacts on would-be entrepreneurs.  

The remainder of this paper is structured as follows. In Section II, we explain in 

more detail the identification through heteroskedasticity approach. In Section III, we 

explain we first explain conceptually to approach to measure quality, which is simply an 

implementation of Guzman and Stern (2019).  We describe in Section IV our underlying 

data (state-level business registrations), and explain how it allows us to observe daily 

variation in firm formation. Section V includes all the empirical results. Finally, Section 

VI concludes. 

 

 



7 

 

II. Identifying the Entrepreneurship Response Through Heteroskedasticity 

Identification through heteroskedasticity is an identification approach widely used in 

macroeconomics to model time-series relationships that are co-determined.  Consider a 

general setup for the interdependent relationship between entrepreneurship and interest 

rates, as the following VAR model:  

𝑖𝑡 = 𝛼0 + 𝛾𝐸𝑡+𝜂𝑡 

𝐸𝑡 =  𝛼1 + 𝛽𝑖𝑡 + 𝜖𝑡 

Where 𝑖𝑡 is the interest rate, 𝐸𝑡 is the index of entrepreneurship, 𝛼0 and 𝛼1 are constants, 

and 𝜂𝑡 and 𝜖𝑡 are macroeconomic shocks that we do not observe but influence the interest 

rate and entrepreneurship, respectively. The variance of 𝜂𝑡 and 𝜖𝑡 are 𝜎𝜂
2 and 𝜎𝜖

2. 

Usual VAR estimates (including SVAR) imposes lag restrictions, such as lack of 

contemporaneous lags, that are unrealistic for this setting due to co-determinacy.  The 

heteroskedasticity approach adds flexibility by showing changes in the variance of 

variables in a VAR model also change the relative importance of each variable in 

determining the response. If the independent variable is heteroskedastic, and the 

underlying parameter stable, then it can create enough variation to identify it.     

The initial approach is developed in Rigobon (2003), which still continues to be 

the most common implementation.  Rigobon (2003) focuses on a two-regime framework, 

with high and low variance.  In Rigobon and Sack (2004), they apply this framework to 

the case of interest rates and its impact on asset prices.  Our paper is mostly based on this 

setup using instead entrepreneurship as outcome variable.3 

To begin to understand how one might extract 𝛽, we take another look at Figures 

2A and 2B.  These figures are two simulations of the VAR model (assuming 𝛼0, 𝛼1, and 𝛾 

                                                 
3 We do not include the follow-on improvements by Lewbel (2012), who moved to a continuous number of 

regimes.  Our analysis, however, does include the important identification improvements in Lewis (2019). 
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as zero for simplicity). Both figures have the same values of 𝜎𝜖
2 = 2 and 𝛽 = −0.5, but we 

change the variance of the interest rate, 𝜎𝑖
2, across figures to create heteroskedasticity.  

Figure 2A, representing a low variance regime, has 𝜎𝑖
2 = 2, while Figure 2B has 𝜎𝑖

2 = 5.  

While 𝛽 has the same value under both regimes, the change in 𝜎𝑖
2 changes how much the 

entrepreneurship response is determined by 𝑖𝑡 versus its idiosyncratic component 𝜖𝑡.  

Figure 2A has mostly idiosyncratic variation (from 𝜖𝑡), while Figure 2B traces out the 

entrepreneurship response. Rigobon (2003) is a formalization of how to use these changes 

of information to recover 𝛽. 

Specifically, suppose there are two regimes of 𝜎𝜂
2, high volatility and low 

volatility, indexed by 𝑠 ∈ {1,2}.  𝛽 and 𝛾 are stable across these two regimes (an 

assumption that will be tested). The covariance matrix Ω̂𝑠 for each regime is defined by: 

Ω̂𝑠 = [
𝜔11,𝑠 𝜔12,𝑠

∙ 𝜔22,𝑠
] 

Which can be re-stated as   

   Ω̂𝑠 =
1

(1−𝛾𝛽)2 [
𝛽2𝜎𝜂,𝑠

2 + 𝜎𝜖,𝑠
2  𝛽2𝜎𝜂,𝑠

2 + 𝛾𝜎𝜖,𝑠
2

∙ 𝜎𝜂,𝑠
2 + 𝛾2𝜎𝜖,𝑠

2 ]    

There are six unknowns in this system (𝛾, 𝛽, 𝜎𝜂,1
2 ,  𝜎𝜖,1

2 ,  𝜎𝜂,2
2  and 𝜎𝜖,2

2 ) and two 

covariance matrices. This provides six equations which can be solved as long as the 

matrix is non-degenerate.   

Then, 𝛽 is solved by  

     𝛽 =
𝜔12,𝑠−𝛾𝜔11,𝑠

𝜔22,𝑠−𝛾𝜔12,𝑠
 

And, after some algebra,4 𝛾 is the solution to the following quadratic: 

[𝜔11,1𝜔12,2 − 𝜔12,1𝜔11,2]𝛾2 − [𝜔11,1𝜔22,2 − 𝜔22,1𝜔11,2]𝛾 + [𝜔12,1𝜔22,2 − 𝜔22,1𝜔12,2] = 0 

                                                 
4 These derivations are direct copies of Rigobon (2003), we refer the reader to this paper for the algebraic 

details. 
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There are two solutions to this equation.  One is 𝛾, 𝛽 and the other 𝛾∗ = 1/𝛽, 𝛽∗ = 1/𝛾, 

reflecting the two ways the system can solved. 

 

III. Measuring the Quality and Quantity of Entrepreneurship  

We next move to describe a general approach to measure our outcome variable – U.S. 

quality-adjusted entrepreneurship.  This approach borrows directly from Guzman and Stern 

(2015, 2017, 2019), and therefore what follows is simply an abridged re-statement of this 

prior work. 5  We refer the reader to the cited papers for more detail.  

Guzman and Stern propose a method to estimate quality using predictive analytics and 

business registration records by combining three interrelated insights.  First, as the challenges 

to reach a growth outcome as a sole proprietorship are formidable, a practical requirement for 

any entrepreneur to achieve growth is business registration (as a corporation, partnership, or 

limited liability company).  This practical requirement allows forming a population sample of 

entrepreneurs “at risk” of growth at a similar (and foundational) stage of the entrepreneurial 

process.  Second, it is possible to potentially distinguish among business registrants through 

the measurement of founding choices observable at or close to the time of registration.  For 

example, we can measure start-up characteristics (which result from the initial entrepreneurial 

choices in our model) such as whether the founders name the firm after themselves 

(eponymy), whether the firm is organized in order to facilitate equity financing (e.g., 

registering as a corporation or in Delaware), or whether the firm seeks intellectual property 

protection (e.g., a patent or trademark).  Third, though rare, there exist meaningful growth 

outcomes (such as achieving an IPO or high-value acquisition) for some firms.  Combining 

                                                 
5 This section draws partially from Guzman and Stern (2015, 2017, 2019), where these measurement statistics 

are originally introduced. 
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these insights, we estimate entrepreneurial quality by estimating the relationship between 

observed growth outcomes and start-up characteristics.   

That is, for a firm i, born at time t, with at-birth start-up characteristics 𝐾𝑖,𝑡, we 

observe growth outcome 𝑔𝑖,𝑡+𝑠  s years after founding and estimate:    

𝜃𝑖,𝑡 = 𝑃(𝑔𝑖,𝑡+𝑠|𝐾𝑖,𝑡) = 𝑓(𝛼 + 𝛽𝐾𝑖 ,𝑡) 

and use the predicted value of this regression as our measure of entrepreneurial quality.  As 

long as the process by which start-up characteristics map to growth remain stable over time 

(an assumption that appears valid in the data6), this mapping allows us to form an estimate of 

founding characteristics to entrepreneurial quality for any business registrant within our 

sample. 

We use these estimates to generate two entrepreneurship statistics proposed by 

Guzman and Stern that capture the level entrepreneurial quality, quantity, and quality 

adjusted quantity for a given set of startups registered in a specific day.  

The Entrepreneurial Quality Index (EQI). To create an index of entrepreneurial 

quality for any group of firms we simply take the average quality within that group. 

Specifically, the Entrepreneurial Quality Index (EQI) is an aggregate of quality simply 

estimating the average of  𝜃𝑖,𝑡 over that region: 

𝐸𝑄𝐼𝑡 =
1

𝑁𝑡
∑ 𝜃𝑖,𝑡

𝑖∈{𝐼𝑡}

 

where {𝐼𝑡}  represents the set of all firms in time period t, and 𝑁𝑡 represents the number of firms 

in 𝑡.  

                                                 
6 See Appendix Table B2 of Guzman and Stern (2019). 



11 

 

The Regional Entrepreneurship Cohort Potential Index (RECPI). The overall inherent 

potential for a cohort of startups combines both the quality of entrepreneurship and the 

number of firms (a measure of quantity). To do so, we define RECPI as simply 𝐸𝑄𝐼 

multiplied by the number of firms in that day: 

𝑅𝐸𝐶𝑃𝐼𝑡 = 𝐸𝑄𝐼𝑡 × 𝑁𝑡 

Since our index multiplies the average probability of a firm in 𝑡 to achieve growth (quality) 

by the number of firms, it is, by definition, the expected number of growth events from a 

cohort given the startup characteristics of this group.  This measure of course abstracts away 

from the ability to realize the performance of startups founded within a given cohort, and 

instead can be interpreted as a measure of the “potential” of a cohort given the “intrinsic” 

quality of firms at birth. Together, EQI and RECPI offer researchers the ability to undertake 

detailed evaluations of entrepreneurial quality and quality-adjusted quantity over time.  

 

IV. Data Overview: Measuring Daily New Entrepreneurship in the U.S.  

Building on the entrepreneurial quality approach, a key data innovation of our paper is to 

use it to develop a daily measure of U.S. entrepreneurship based on firm founding events 

and their characteristics at founding.  This section describes how our daily index is 

developed. The index might be of research interest on its own right, as it is the first 

measure of U.S. firm formation even close to a granular time-level as daily frequency.  

This level of granularity is not available through the U.S. census data built through tax-

filings or survey forms, which are inherently filed at specific times of the year not chosen 

by the entrepreneurs.  Daily frequency is what fundamentally will allow us to observe 

short-term responses to interest rate changes (within days or weeks), and therefore take 
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advantage of small shocks (interest rate changes) even though they exhibit short 

responses. 

A. Business Registration Records and Entrepreneurial Quality Estimates  

Our U.S. daily index of entrepreneurship is built from business registration records 

collected in a broader effort for the Startup Cartography Project (Andrews et al, 2020). 

Business registration is the act of formally creating a legal entity—a corporation, 

partnership, or LLC—with which to conduct business.  We record 35 million 

registrations, accounting for all firms registered between 1988 and 2014 in the District of 

Columbia and 49 U.S. states, 7 representing 99.6% of all U.S. economic activity.8 We 

limit our sample to the set that is either (a) a for-profit firm in the local jurisdiction or (b) a 

for-profit firm whose jurisdiction is Delaware but whose principal office address is in the 

local state. Our analysis therefore excludes non-profit organizations as well as companies 

whose primary location is not in the state.  This data construction is also explained in detail in 

Guzman and Stern (2019), and versions of this data are also used in Guzman and Stern (2015, 

2017), Fazio et al (2019), Guzman (2018), and Catalini et al (2019a, 2019b).  

As in that prior work, for each observation, we construct variables related to: (i) 

growth outcomes (IPO or significant acquisition); (ii) firm characteristics based on business 

registration observables; and (iii) firm characteristics based on external data that can be 

directly linked to the firm (e.g. patents, trademarks).   

                                                 
7 We are unable to include local firms in Delaware (i.e. actually doing business locally in this state) because 

Delaware jurisdiction plays an important, and unique, role for corporate governance choices for all firms in the 

United States.  It is important to highlight that we do include (and take advantage of) all Delaware jurisdiction 

companies registered doing business activity in any state outside Delaware. 
8 Based on the BEA’s 2013 state GDP estimates. 
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i. Growth Outcomes. The growth outcome, Growth, is a dummy variable equal to 1 

if the firm has an initial public offering (IPO) or is acquired at a meaningful 

positive valuation within 6 years of registration as reported in SDC Platinum. 

ii. Firm Characteristic Measures Based on Business Registration Data. We first 

create two binary measures that relate to how the firm is registered: Corporation, 

which captures whether the firm is a corporation rather than an LLC or 

partnership, and Delaware, equal to one if the firm is registered in Delaware. We 

then create five additional measures based directly on the name of the firm. 

Eponymous is equal to 1 if the first, middle, or last name of the top managers is 

part of the name of the firm itself.9  Our last measure relates to the structure of the 

firm name. Based on our review of naming patterns of growth-oriented startups 

versus the full business registration database, a striking feature of growth-oriented 

firms is that the vast majority of their names are at most two words (plus perhaps 

one additional word to capture the organizational form, e.g. “Inc.”). We define 

Short Name to be equal to one if the entire firm name has three or less words, and 

zero otherwise.10 We then create several measures based on how the firm name 

reflects the industry or sector within which the firm is operating, taking advantage 

of the industry categorization of the US Cluster Mapping Project (“US CMP”) 

(Delgado, Porter, and Stern, 2016) and a text analysis approach. We develop 

seven such measures. The first three are associated with broad industry sectors 

and include whether a firm can be identified as local (Local), traded (Traded) or 

resource intensive (Resource Intensive). The other five industry groups are 

                                                 
9  Belenzon, Chatterji, and Daley (2017, 2019) perform a more detailed analysis of the interaction between 

eponymy and firm performance finding an important negative relationship between an intent to use equity 

financing and eponymy. 
10 Companies such as Akamai or Biogen have sharp and distinctive names, whereas more traditional businesses 

often have long and descriptive names (e.g., “New England Commercial Realty Advisors, Inc.”).  
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narrowly defined high technology sectors that are typically associated with high 

growth firms, including whether the firm is within the biotech (Biotech Sector), e-

commerce (E-Commerce), other information technology (IT), medical devices 

(Medical Devices) or semiconductors (Semiconductor) space. 

iii. Firm Characteristic Measures Based on External Observables. We also construct 

two measures related to quality based on data from the U.S. Patent and Trademark 

Office. Patent is equal to 1 if a firm holds a patent application within the first year 

and 0 otherwise. We include patents that are filed by the firm within the first year 

of registration and patents that are assigned to the firm within the first year from 

another entity (e.g., an inventor or another firm). Our second measure, 

Trademark, is equal to 1 if a firm applies for trademark protection within a year 

from registration. 

Entrepreneurial Quality Logit Model. We next consider how these founding 

observables predict follow-on growth.  In Table 1, we replicate the analysis of Guzman and 

Stern (2019) within our expanded data11 and report the incidence rate ratios of the 

coefficients of a logit model on all startups founded between 1988 and 2010, using our binary 

growth outcome as the dependent variable.  The model includes founding state fixed-effects 

and reports robust standard errors.12   Our estimates are quite to those reported in Guzman 

and Stern for 32 states.  Corporate governance appears important. Startups founded as 

corporations are 191% more likely to grow.  We also find large effects for the choice of 

name, firms with a short name are 124% more likely to grow, while eponymous firms are 

                                                 
11 Guzman and Stern (2019) report an earlier version of our data that contained only 32 U.S. states accounting 

for 81% of U.S. GDP.  Our data reports 49 U.S. states and Washington D.C., which accounts for 99.6% of US 

GDP. 
12 This table is a replica of a similar one in Guzman and Stern (2019), with the exception that our dataset uses 49 

states and Washington D.C., rather than 32 states used in the prior work.  The coefficients are very similar 

nonetheless, and the point estimate is always within a ten percent difference from the original ones. 
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71% less likely to grow.  Intellectual property similarly predicts performance.  Firms with a 

trademark at founding are more than 3 times more likely to grow, and those with a patent are 

23 times more likely to grow.  Interestingly, the choice of jurisdiction—whether local or 

Delaware—appears to really influence the probability of growth, firms in Delaware are 17 

times more likely to achieve this outcome.  These two variables interact. Firms that have both 

a patent and are registered in Delaware are 93 times more likely to growth.  The coefficients 

for our name-based sector dummies are also significant, though the magnitude appears lower 

than the effects of corporate form, name, intellectual property, and jurisdiction choices.  

Bringing all these together, a short-named Delaware corporation with a patent is 500 times 

more likely to grow than a local LLC. The predicted value of this regression is the estimated 

entrepreneurial quality of each firm.   

We aggregate this estimated quality based on the date of business registration into two 

daily indexes of entrepreneurship for all business days between 1988 and 2014.13  The first 

measure Obs is the raw number of observations registered each date in our data.  The second, 

RECPI is the quality adjusted quantity for each day.  

B. Measures of Short-Term Interest Rates. 

Consistent with the literature, we use the 3-month Treasury Bill (T-Bill) Rate as a 

measure of the short-term interest rate. We downloaded the 3-month T-Bill daily data 

from the Federal Reserve website14 and keep only business days (i.e., excluding weekends 

and national holidays) from 1988 to 2014.  To simplify the interpretation of our estimates, 

we multiply the rate by 100 so that a one point increase in our measure represents a one 

percentage point increase in the interest rate. 

                                                 
13 Keeping only to business days is necessary for our empirical strategy only because the interest rate only 

changes during business days.  
14

 Board of Governors of the Federal Reserve System (US), 3-Month Treasury Bill: Secondary Market Rate 

[DTB3], retrieved from FRED, Federal Reserve Bank of St. Louis; https://fred.stlouisfed.org/series/DTB3, 

September 12, 2019. 
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Summary Statistics. Table 2 shows the summary statistics of our data.  We have 

6,755 observations.  The average day in our data has 5,082 new firm registrations in the 

United States, with an average quality of 0.001, and a RECPI of 2.8.  We choose to use 

these measures in their natural log, to allow ease of interpretation of our coefficients as 

the percentage change of entrepreneurship resulting from an interest rate change. The 

mean of the Log(Obs) is 8.4 and the mean of Log(RECPI) is 1.0. 

 

V. Empirical Results 

We now proceed to the core of our paper, estimating the impact of interest rate changes 

on U.S. entrepreneurship (new firm formation).  We begin our analysis by presenting our 

main estimates, the impact of the interest rate on firm formation seven days later,  using 

two regime—high and low variance in interest rates.  We focus on entrepreneurship seven 

days later, rather than contemporaneous, to allow some time for the interest rate shock to 

diffuse in the economy and influence the choices of entrepreneurs.  After presenting our 

main results, we present robustness tests using subsamples to show our results are not 

driven by recessionary periods, or the low inflation period after 2008, and that they are 

robust to controlling for measures of economic policy uncertainty.    We then split our 

data across four regimes and perform an overidentification test on our estimate by 

estimating our parameter across each possible regime pair (Rigobon and Sack, 2004).  

The estimates of the potential six pairs vary slightly around our main value, but paint with 

precision the same picture, reporting negative coefficients around the same order of 

magnitude.  Next, we use lags and leads of our dependent variable, both daily and 

weekly, to assess the threat of pre-trends and dynamics of our estimate across time.  We 

find no pre-trends, suggesting no anticipatory response from entrepreneurs to the shock 

and that our approach is valid.  After an initial drop, we see the flow of entrepreneurship 
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recover after seven weeks, but there is no overshooting response to later-on compensate 

for the prior loss.  Finally, we replicate our approach using measures of long-term (rather 

than short-term) interest rates as the independent variable, such as the 20-year T-Bill, and 

the spread between the 20-year and the 3-month T-Bill.  We find that both these shocks 

show pre-trends in our data (entrepreneurs respond before the rate increase) and therefore 

their impact on entrepreneurship is not identified with our methodology.  

A. Main Estimates: Two Interest-Rate Regimes 

We begin by defining our two variance regimes.  For all days in our sample, we estimate 

the ten-day rolling variance15 of the 3-month T-Bill.  We then split the sample based on 

this variance into a high variance regime (above the mean) and a low variance regime 

(below the mean).  In Table 3, we report the average variance for interest rates, the 

average ten-day variance of our entrepreneurship indexes (lagged seven days forward), 

and the average ten-day correlation between the 3-month T-Bill and entrepreneurship 

under each regime. The distribution of the data is representative of the skewness of the 

interest rate movement.  82% of the data is in the low variance regime, while only 18% of 

the data is in the high variance regime.  The variance of the T-Bill obviously increases 

from the low to the high variance regime.  However, we observe no change in the average 

variance of Log(RECPI) or Log(Obs).  An unreported regression using a dummy for the 

regime and interest rates as the dependent variable evaluates the strength for the data for 

identification through heteroskedasticity.  The F-statistic of this regression is 653.16  

                                                 
15 While using ten-days only allows a few observations with which to estimate the variance, we consider it 

a cleaner approach as it will only include recent events in its estimate rather than the risk of longer lags.   
16 Lewis (2019) shows that the identification approach can break down if there are proportional increases in 

the variance of both treatment and outcome. He recommends running a regression with regime dummies on 

the independent variable to assess the strength of identification when using identification through 

heteroskedasticity. Specifically, he shows our problem can also be represented as an instrumental variables 

problem, where this regression represents the first-stage.  Lewis suggests using an F-statistic of 37 or 

higher as a rule of thumb for strong identification. 
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Table 4 reports our main results, the impact of the interest rate on log 

entrepreneurship.  Column (1) is the coefficient from a naïve OLS regression of the 

interest rate on Log(RECPI).  This estimate is likely biased due to endogeneity. The 

coefficient is -0.08.  If valid, it would have suggested a one percentage point increase in 

the T-Bill rate results in an average 8% drop in the quality-adjusted quantity of 

entrepreneurship.  Column (2) uses instead identification through heteroskedasticity, 

reporting the estimate of 𝛽 in 500 bootstrapped samples. The mean is much lower, -0.034, 

with a 95-percent confidence interval from -0.073 to 0.005.  This can be interpreted as a 

negative and significant response of entrepreneurship to interest rates in the US: a one 

percentage point increase in the interest rate leads to an average drop of 3.4% in the flow 

of entrepreneurship, measured seven days later.   Figure 3A plots a histogram of the 

estimates across the 500 bootstrap samples for completeness.  

We then repeat these estimates with Log(Obs), our quantity measure, as the 

dependent variable in Columns (3) and (4).  Both the OLS and the heteroskedasticity 

estimates are higher than their RECPI counterparts. The naïve OLS coefficient in Column 

(3) is -0.141.  The heteroskedasticity estimate in Column (4) has a mean of 6.3%, and the 

95 percent confidence interval has a range of -0.137 to 0.011.  Figure 3B presents the 

histogram of all estimates. 

 The difference in the coefficients between the quality-adjusted outcome and the 

quantity outcome provide insight into the relative impact of interest rates across the firm 

quality distribution.  Consistent with a view where higher quality entrepreneurs are also 

better able to find capital, it is the lower quality (less growth oriented) entrepreneurs that 

appear to be particularly sensitive to changes in the interest rate.  Interestingly, these results 

stand in contrast to other work highlighting the sensitivity of highly innovative ideas to the 

total supply of capital (Nanda and Rhodes-Kropf, 2013; Rampini, 2004; Bernanke and 
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Gertler, 1989).  Understanding the sources of these differences—such as the differential role 

of equity and bank financing in entrepreneurship—is an important question for future work. 

  

B. Robustness Tests: Subperiods, Policy Uncertainty, and Multiple Regimes 

We next perform several tests to assess the robustness of our estimate.  We begin in Table 

5 by repeating our approach across two different subsamples.  Our goal is to evaluate 

whether our results are sensitive to the exclusion or inclusion of some specific time-

periods within our data, and if there is enough stability in the estimate of 𝛽 we report.  

Column (1) reports our main estimate from Table 4 for ease of comparability.  Column 

(2) looks at the two complete business cycles in our data where interest rates have 

behaved normally, going from the expansion started in March 1991, to the end of it in 

December 2007.   We do this to assess if our estimate is an artifact of the Great Recession 

and its aftermath, particularly the low levels of interest rate in this time period. The 

estimate of  𝛽 is -0.047.  Though not statistically different from our main estimate, if 

anything, it suggests the negative response we document could be a little higher  in time 

periods where the zero-lower-bound of interest rates do not bind.  Column (3) instead 

uses our full time period but removes the dates that fall within any NBER dated recession.  

We do this to evaluate the possibility that the high variance in interest rates is correlated 

with recessions somehow, and therefore our relationship is not indicative of everyday 

changes, but instead large shocks as recessions.  Our effect remains roughly stable. 

Together, we interpret these two results as consistent with the idea that the negative 

relationship between interest rates and entrepreneurship is quite stable across different 

economic situations the United States has faced since 1988 (though we recognize that the 

relationship between our two variables might change over a longer time-period). 
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 In Table 6, we introduce a robustness test where we control for economic policy 

uncertainty.  We do this to consider the possibility that variance in the interest rate is 

correlated with policy uncertainty (Bloom et al (2007) uses variance in the stock-market 

as a measure of uncertainty), or that policy uncertainty is a hidden variable driving our 

estimates. We control for policy uncertainty by regressing Log(RECPI) on the log of the 

US Economic Policy Uncertainty Index released by Baker et al (2016), and then using the 

residual of this measure as the dependent variable. Our results are virtually unchanged 

and, if anything, slightly larger and more precise coefficients. 

  We next look at using multiple regimes.  The two regimes used so far allow for a 

just-identified estimate, but more regimes can allow an overidentification test.  We split 

our sample based on the ten-day rolling variance of Log(RECPI) into observations above 

and below its mean, allowing us to create four regimes. Regime 1 has low variance for 

both the T-Bill rate and RECPI, Regime 2 has high variance for both, Regime 3 has high 

variance for the T-Bill but low for RECPI, and vice versa in Regime 4. The summary 

statistics are presented in Table 7.   Due to skewness in the variance of our measures, the 

data is not evenly distributed across these four regimes.  Regime 1 accounts for 75% of 

all the data, Regime 2 for about 2%, Regime 3 for 16%, and Regime 4 for 7%.   

 Table 8 presents estimates replicating our approach on each of the six potential 

pairs that can be created using these four regimes.   The results are very consistent across 

specifications.  All specifications have a negative coefficient with confidence intervals 

around, except for Column (5) which has a slightly more negative confidence interval of 

[-.113, -.07], and Column (6), which uses a small sample that results in a broad 

confidence interval of [-.215, .113].  Notwithstanding these differences, the consistency 

across the six estimates is substantial.  We interpret these results as confirmatory of our 

main estimate.  They suggest a level of stability in the main parameter estimated across 
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our data and confirm emphasize that entrepreneurs do respond negatively to everyday 

changes in the interest rate.  

 

C. Time Dynamics of the Impact of Interest Rates on Entrepreneurship  

Our next step is to consider how our estimate of the impact of interest rate shocks varies 

based on a lagged or lead measures of our outcome.   The goal with this analysis is two-

fold.  First, we would like to assess the possibility of pre-trends in our approach.  If the 

increase in the interest rate is, in fact, a shock, then there should not be an anticipated 

entrepreneurship response to future interest rate increases.  Second, this approach also 

allows us to document the dynamics of our effect, such as how quickly does the negative 

response of entrepreneurship evidences itself, how long does it take to get back to zero, 

and whether there is a possible overshooting later-on to compensate for an initial drop in 

entrepreneurship.  

In Figure 4, we report coefficients of our estimate using Log(RECPI) lagged in 

weekly intervals.  In the pre-period, the estimates are noisy and hover around zero, 

suggesting RECPI and the interest rate shock do not have any relationship before the 

shock occurs. We then observe a negative response as quickly as seven days after the 

shock, which gets to its lowest point two weeks after the shock.  This remains negative, in 

both the point estimate and in a statistically significant sense, up to six weeks, and then 

returns to zero on day 49 (seven weeks later).  Afterwards, there is no overcompensating 

response to gain the entrepreneurship lost in the prior weeks, but instead remains stable 

around zero up to the end of the time period we consider.   

We go deeper into the time dynamics in Figure 5 by plotting daily coefficients for 

the period from 30 days before to 30 days after the interest rate shock. We observe, once 

again, no pre-trend in the data, and, in fact, no contemporaneous response to changes in 
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the 3-month T-Bill.  Rather, the effect appears to materialize itself five days later, after 

which it reaches the lowest point estimate in day 14 and remains negative afterwards.  

 

D. Long Term Interest Rates and the Yield Curve 

Finally, for completeness, we report in the appendix tables a replication of our approach 

that instead uses long-term interest rates as the independent variable.  In Table A1 and 

Figures A1 through A4, we report estimates of the impact of shocks to the 20-year T-Bill 

on entrepreneurship, and, separately, estimates of the impact of the yield curve (i.e., the 

difference between the 20-year and the 3-month T-Bill) on entrepreneurship.  While the 

coefficients we estimate are negative and significant, our time-coefficients in this analysis 

shows that there are meaningful pre-trends, including an anticipated response to changes 

in the interest rate.  In the daily coefficients, we see our approach to estimate the impact 

of the 20-year T-Bill turns increasingly negative about fourteen days before the interest 

rate shock.  This is surprising and inconsistent with exogeneity.  We conclude from this 

analysis that our approach does not allow us to identify the impact of changes in the 20 

year rate on entrepreneurship. 

 

VI. CONCLUSION 

Connecting capital to entrepreneurs has often been lauded as a key benefit of finance.  

This paper documents the response of total U.S. firm formation to short-term changes in 

the cost of financing.  Using a new index of daily business registrations created from the 

Startup Cartography Project, we measured the daily quantity and quality of new firm 

registrations from 1988 to 2014 across the United States.  We used this data to implement 

identification through heteroskedasticity and estimate the response of the quantity and 

quality adjusted quantity of entrepreneurship to interest rate shocks.  We find 
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entrepreneurs respond negatively to interest rate shocks, with the response being higher 

for lower quality firms.  A 1 percentage point increase in the interest rate predicts a drop 

of 3.4% in the flow of quality-adjusted quantity of entrepreneurship, and 6.3% in quantity 

alone, seven days later. There are no pre-trends, and the negative impact lasts about six 

weeks, after which it returns to zero.  Furthermore, we do not observe any overshooting 

afterwards to compensate for the initial drop in entrepreneurship, suggesting the loss is 

permanent.  

These results evidence the important role of liquidity constraints on 

entrepreneurship.  Interpreting them, however, should include some caveats.  In 

particular, we focus on a specific margin of business activity that does not fully capture 

the process of entrepreneurship—business registration.  Using the legal filings of 

companies allows us to observe the detailed incidence of companies, up to a level of daily 

granularity, around the same foundational moment for each firm (when the entrepreneurs 

choose to register it).  Nonetheless, it is possible that other aspects of entrepreneurship, 

such as ideation or assembling a team, are not influenced by the interest rates in the same 

way the legal founding process does.  The key untested assumption in our results is a 

level of monotonicity between these other processes and legal registration itself.   

As well, our measure of quality is incomplete and imperfect, and can only partially 

account for the heterogeneity in firm potential at founding.   A natural conclusion of our 

approach is thus that the difference between the quantity estimate and the quality-adjusted 

estimate a lower bound of sorts.   

Finally, our identification approach relied on specific assumptions about the 

stability of our key parameter across variance regimes.  We perform a substantial number 

of robustness tests to assess this stability within our sample, leading us to conclude that it 
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is stable across our time-period.  Still, changes in the nature of business in the past or in 

the future could potentially change our underlying estimates.  

Ultimately, the way in which liquidity shapes entrepreneurship is a critical 

question for finance, policy, and economic growth, but most of the work so far has 

focused on sources of variation that do not reflect the common everyday changes in 

liquidity itself.  In this paper, we estimated the role of everyday changes in interest rates 

in entrepreneurship, providing novel evidence to this important question. 
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Table 1: Growth Predictive Model - Logit Regression on IPO or Acquisition Within 6 Years

Equity Growth (IPO or Acquisition)
(1)

Corporate Governance Measures
Corporation 2.914

(0.0616)

Name-Based Measures
Short Name 2.239

(0.0414)

Eponymous 0.288
(0.0163)

Intellectual Property Measures
Trademark 3.757

(0.188)

Patent - Delaware Interaction
Patent Only 23.99

(1.053)

Delaware Only 17.51
(0.355)

Patent and Delaware 93.93
(3.427)

US CMP Clusters
Local 0.430

(0.0168)

Traded Resource Intensive 0.838
(0.0222)

Traded 1.038
(0.0197)

US CMP High-Tech Clusters
Biotechnology 1.967

(0.132)

E-Commerce 1.396
(0.0436)

IT 2.056
(0.0787)

Medical Devices 1.240
(0.0484)

Semiconductors 1.523
(0.217)

N 27,022,955
pseudo R2 0.185

We estimate a logit model with Growth as the dependent variable. Growth is a binary
indicator equal to 1 if a firm achieves IPO or acquisition within 6 years and 0 otherwise.
Growth is only defined for firms born in the cohorts of 1988 to 2010. This model forms
the basis of our entrepreneurial quality estimates, which are the predicted values of the
model. State fixed effects included; Incidence ratios reported; Robust standard errors in
parenthesis.



Table 2: Summary Statistics

Variable Obs Mean Std. Dev.

3-month T-Bill Rate 6755 3.357 2.467

Obs (Quantity of Startups) 6755 5081.64 2264.58
Average Quality of Startups 6755 .001 0
RECPI (Quality-Adjusted Quantity of Startups) 6755 2.839 .935

Ln(Obs) 6755 8.417 .506
Ln(RECPI) 6755 .979 .384

Data for each weekday from January 1, 1988 to December 31, 2014, exlcuding weekends and
public holidays. RECPI is the aggregate total entrepreneurship of companies founded in each
day using the total number of firm registrations and the entrepreneurial quality methodology
of Guzman and Stern (2019) to account for firm heterogeneity. Obs is the number of firms
founded without adjusting for quality.

Table 3: Interest Rate Heteroskedasticity Regimes

Regime 1 (Low Variance) Regime 2 (High Variance)

Avg. of Variance of 3-month T-Bill Rate 0.000843 0.0176

Avg. of Variance of Ln(RECPI) 0.0462 0.0460
Avg. of Correlation T-Bill Rate & Ln(RECPI) -0.0263 -0.0130

Avg. of Variance of Ln(Obs) 0.0316 0.0323
Avg. of Correlation T-Bill Rate & Ln(Obs) -0.0655 -0.0237
Percentage of All Observations 82.01% 17.99%

Regimes 1 and 2 represent two different variance regimes used to assess the heteroskedasticity in the data. We divide
these regimes using the 10-day rolling variance of the 3 month T-Bill. Regime 1 is those observations that have an average
variance below the mean while Regime 2 are those above the mean. RECPI is our measure of the quality-adjusted quantity
of entrepreneurship while Obs is only the quantity.

Table 4: Entrepreneurship Response Seven Days After Interest Rates Shock

OLS
DV: Ln(RECPI)t+7

(1)

Heteroskedasticity
DV: Ln(RECPI)t+7

(2)

OLS
DV: Ln(Obs)t+7

(3)

Heteroskedasticity
DV: Ln(Obs)t+7

(4)

3-month T-Bill Rate -0.0838 -0.0340 -0.141 -0.0630
(0.00141) (0.0199) (0.00127) (0.0378)

95% C. I. [-.083,-.078] [-.073,.005] [-.143,-.138] [-.137,.011]

OLS columns represent the estimate of a simple OLS regression on the dependent variable. Heteroskedasticity columns use
our preferred approach as described in Section IV. Standard errors from 500 bootstrapped samples in parenthesis. Dependent
variables are lagged seven days forward. RECPI is our measure of the quality-adjusted quantity of entrepreneurship while
Obs is only the quantity.



Table 5: Robustness Tests Across Time Periods

Jan, 1988 - Dec, 2014
All Dates

DV: Ln(RECPI)t+7

(1)

Mar, 1991 - Dec, 2007
All Dates

DV: Ln(RECPI)t+7

(2)

Jan, 1988 to Dec, 2014
Excluding Recessions
DV: Ln(RECPI)t+7

(3)

3-month T-Bill Rate -0.0340 -0.0470 -0.0496
(0.0199) (0.0110) (0.00831)

95% C. I. [-.073,.005] [-.069,-.025] [-.066,-.033]

Observations 6747 4183 6038

Dependent variable is Log(RECPI) lagged seven days forwards for all models, estimated through
the heteroskedasticity approach described in Section IV. Standard errors from 500 bootstrapped
samples in parenthesis. Column (3) excludes the dates included in all NBER dated recessions,
inclusive of the month the recession begins.

Table 6: Robustness Test Controlling for Economic Uncertainty

Heteroskedasticity
DV: Ln(RECPI)t+7

(1)

Heteroskedasticity
DV: Ln(Obs)t+7

(2)

3-month T-Bill Rate -0.0486 -0.0898
(0.0176) (0.0301)

95% C. I. [-.083,-.014] [-.149,-.031]

Economic Policy Uncertainty Index (EPU) is a daily index that quantifies
newspaper coverage of policy-related economic uncertainty in the US (Baker
et al (2016)). Heteroskedasticity columns use our preferred approach as
described in Section IV and controls for Ln(EPU). Standard errors from
500 bootstrapped samples in parenthesis. Dependent variables are lagged
seven days forward.

Table 7: Four Regimes

Regime 1 Regime 2 Regime 3 Regime 4

Avg. of Variance of 3-month T-Bill Rate 0.000854 0.0113 0.0183 0.000713
Avg. of Variance of Ln(RECPI) 0.0159 0.315 0.0161 0.382
Avg. of Correlation T-Bill Rate & Ln(RECPI) -0.0249 0.0513 -0.0202 -0.0414
Percantage of All Observations 75.3% 1.8% 16.2% 6.7%

Four different variance regimes are used to assess the heteroskedasticity in the data. We divide
these regimes using the 10-day rolling variance of the 3 month T-Bill and the 10 day rolling
variance of Ln(RECPI), both above and below the mean. Coefficients in bold indicate high
variance regimes.



Table 8: Four Regimes Estimates

Main
DV: Ln(RECPI)t+7

(1)

Regime 1,2
DV: Ln(RECPI)t+7

(2)

Regime 1,3
DV: Ln(RECPI)t+7

(3)

Regime 1,4
DV: Ln(RECPI)t+7

(4)

Regime 2,3
DV: Ln(RECPI)t+7

(5)

Regime 2,4
DV: Ln(RECPI)t+7

(6)

Regime 3,4
DV: Ln(RECPI)t+7

(7)

3-month T-Bill Rate -0.0340 -0.0711 -0.0251 -0.0733 -0.0928 -0.0512 -0.100
(0.0199) (0.00695) (0.0119) (0.00425) (0.0104) (0.0838) (0.00690)

95% C. I. [-.073,.005] [-.085,-.057] [-.048,-.002] [-.082,-.065] [-.113,-.07] [-.215,.113] [-.114,-.087]

Observations 6747 5072 6035 5431 1191 587 1550

Dependent variable is Log(RECPI) lagged seven days forwards for all models, estimated through the heteroskedasticity approach described in Section IV. Each column
represents the estimate using two different regimes. Standard errors from 500 bootstrapped samples in parenthesis.



Figure 1: Comovements in Entrepreneurship (Ln(RECPI)) and Interest Rates (3-month T-Bill Rate)

This figure shows the six-month rolling correlation between daily changes in the 3-month T-Bill Rate and daily changes
in Ln(RECPI), with respect to the standard deviation of 3-month T-Bill Rate, from July 1988 to December 2014.



Figure 2: Simulated Response in Low and High Variance Regimes

Figure 2A shows a simulation of interest rate and RECPI in a low variance regime, where interest rate (i) is generated
from random draws of N (0,2). Figure 2B shows a simulation of interest rate and RECPI in a high variance regime,
where interest rate (i) is generetad from random draws of N (0,5). In both graph, RECPI is genereted from random
draws of -0.5 i + N (0,2).



Figure 3: Histogram and Density Plots of β for 500 Bootstrapped Samples

This figures shows the distributions of estimated impact of 3-month T-Bill Rate on Ln(RECPI) and Ln(Obs)
for 500 bootstrapped samples.



Figure 4: Impact of Interest Rate Shock on Entrepreneurship: Time Dynamics by Week

This figure reports the coefficient and 95-percent confidence interval of our main specification, using different lags of
Ln(RECPI) as the outcome, increasing in seven day intervals from 14 weeks before the shock to 21 weeks after.



Figure 5: Impact of Interest Rate Shock on Entrepreneurship: Daily Time Dynamics from -30 to +30 Days

This figure reports the daily coefficient and 95-percent confidence interval of our main specification, using different
lags of Ln(RECPI) as the outcome, from 30 days before to 30 days after the interest rate shock.



Appendix

Table A1: Entrepreneurship Response Seven Days After Long-Term Interest Rates Shock

20-Year T-Bill
DV: Ln(RECPI)t+7

(1)

20-Year T-Bill
DV: Ln(Obs)t+7

(2)

Spread
DV: Ln(RECPI)t+7

(3)

Spread
DV: Ln(Obs)t+7

(4)

3-month T-Bill Rate -0.0474 -0.0936 -0.0480 -0.0931
(0.00498) (0.00622) (0.00522) (0.00593)

95% C. I. [-.057,-.038] [-.106,-.081] [-.058,-.038] [-.105,-.082]

Heteroskedasticity columns use our preferred approach as described in Section IV. Column (1) and (2) use 20-year t-bill
rate and column (3) and (4) use the spread between 20-year and 3-month treasury yield as interest rate. Standard errors
from 500 bootstrapped samples in parenthesis. Dependent variables are lagged seven days forward. RECPI is our measure
of the quality-adjusted quantity of entrepreneurship while Obs is only the quantity.



Figure A1: Impact of Interest Rate Shock on Entrepreneurship: 20-Year T-Bill Rate

This figure reports the coefficient and 95-percent confidence interval of our main specification, using different lags of
Ln(RECPI) as the outcome and the spread between 20-year t-bill and 3-month treasury yield as interest rate, the
weekly dynamic increases in seven day intervals from 14 weeks before the shock to 21 weeks after, and the daily
dynamic increases from 30 days before to 30 days after the interest rate shock.



Figure A2: Impact of Interest Rate Shock on Entrepreneurship: 20-Year-3 Month Treasury Yield Spread

This figure reports the coefficient and 95-percent confidence interval of our main specification, using different lags of
Ln(RECPI) as the outcome and 20-year t-bill as interest rate, the weekly dynamic increases in seven day intervals
from 14 weeks before the shock to 21 weeks after, and the daily dynamic increases from 30 days before to 30 days
after the interest rate shock.
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