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Abstract 
 
When a firm goes public there is, on average, a positive spillover effect 
on the local economy where the firm’s headquarters is. We estimate this 
effect is an incremental 30 to 50 basis points increase in the growth rate 
of local per capita income. We mitigate concerns about unobserved 
heterogeneity with judicious subsample tests, MSA fixed effects, and a 
matching procedure.  We provide evidence that our result is not due to 
reverse causality or omitted variables bias, and show that it is the listing 
decision, rather than raising capital, that induces the growth.  The 
channel for the growth effect appears to be through employment.  
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1. Introduction 

Anecdotal evidence suggests that the change in the listing status of a firm and the 

concomitant liquidity it provides its shareholders can have a significant impact on local 

economies.  An example is Facebook.  The Facebook initial public offering (IPO) was enormous, 

raising over $16 billion and making liquid the paper wealth that many Facebook employees had 

in the form of previously untradable stock.  As one article about the Facebook IPO states, “When 

Facebook CEO Mark Zuckerberg rang the Nasdaq opening bell on Friday [May 18, 2012] to 

mark Facebook's public debut, he also rang in a crop of new millionaires and billionaires.”1 

Without stating exact numbers, the article and others around the same time suggest that 

thousands of Facebook employees became millionaires in the transaction. Another article of the 

time speculates that the Facebook IPO could create over $1 billion in property value in the San 

Francisco Bay area near the company’s headquarters in Palo Alto, due to the number of 

millionaires competing to buy homes.2  This phenomenon is not unique to Facebook; more than 

two decades earlier, Dell went public, creating liquidity for numerous employee-shareholders in 

the Austin, Texas area near Dell’s headquarters. These employees, sometimes referred to as 

‘Dellionaires,’ got rich off their shareholdings and bought and built homes in the area, thereby 

popularizing the term ‘McMansion’ to describe their ubiquitous domiciles.3     

We study whether the liquid wealth created from IPOs spills over to the local economy.  

In the first part of our paper, we start with a case study of the Facebook IPO in which we 

estimate causal effects of the IPO on the local economy.  Although media articles are quick to 

ascribe causality, it is difficult to know the counterfactual outcome of what the economy of 

                                                 
1 http://money.cnn.com/2012/05/21/technology/facebook-ipo-millionaires/index.htm, accessed October 25, 2012. 
2 http://www.huffingtonpost.com/david-j-cross/san-francisco-real-estate_b_1527172.html, accessed October 25, 
2012. 
3 Austin, TX has residential design ordinances colloquially known as “McMansion regulations.”  See 
http://www.austintexas.gov/department/residential-design-compatability-standards, accessed October 18, 2015. 
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Menlo Park would have been in the absence of the Facebook IPO.  To estimate a causal impact, 

we bring to bear an econometric technique designed for such case studies: the synthetic control 

approach (Abadie and Gardeazabal, 2003).  This method uses a data-driven approach to 

construct from a donor pool of potential control cities a synthetic control region that resembles 

the treated area in terms of its pre-treatment economic characteristics and conditions. Despite the 

uniqueness of Silicon Valley, using a “portfolio” of similar cities we are able to construct a 

synthetic county that accurately replicates Menlo Park’s economic activity for more than ten 

years until Facebook went public. 

Our results quantify and confirm what the media articles suggest: the Facebook IPO had 

an economically large, causal impact on local housing prices.  We estimate that over the 12 

months subsequent to the Facebook IPO, the real estate price index for high-end homes in the 

San Mateo / Santa Clara MSA increased by 15.5% more than its synthetic control counterpart. 

Moreover, simulations using placebo events suggest that the real estate price effect of the IPO 

affected only the highest-priced homes.   

The local economic impact of the IPO is not isolated to real estate prices; we find that per 

capita income also increases.  The effect is large, an estimated 1.8% increase in per capita 

income compared to 0.7% increase of the synthetic counterfactual.  And, like real estate prices, 

the per capita income estimate falls well outside what would be likely to occur by chance.   

Having established these case study results, the second part of the paper asks whether this 

economic growth effect is peculiar to the Facebook IPO, or whether a firm’s new listing 

generally has measurable spillover effects from the firm to the local economies in which it is 

headquartered. We use data on IPO listing decisions over 1980-2011 to examine the concomitant 

effect of an IPO on the listing firm’s MSA’s economy, in particular, the MSA’s per capita 
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income.  In our first set of tests, we use our full sample dataset of 11,712 MSA-years from 1980-

2011.  With this sample we run a pooled regression of per capita income growth on whether or 

not an IPO recently occurred in the MSA with controls, fixed effects for time, and fixed effects 

for MSA.  Our results are consistent across a variety of specifications—IPOs on average are 

associated with higher subsequent income growth in an MSA.   

Our baseline estimate of the effect is about 30 basis points higher per capita income 

growth for an MSA that had an IPO recently, or about one tenth of a standard deviation of per 

capita income growth, controlling for other MSA economic characteristics and with MSA and 

year fixed effects.  The estimate is larger for IPOs that raise more capital.  For IPOs that are in 

the top quartile of proceeds during that period, the impact on per capita income growth increases 

by about 10 percent to an estimate of 34 basis points higher per capita income growth in the 

MSA.  We obtain qualitatively similar results with a variety of specifications. 

These findings face at least two problems related to identification.  First, there could be 

reverse causality, wherein MSAs that are about to improve in per capita income have more IPOs.  

We test for this directly and find that neither past values of per capita income nor per capita 

income growth in an MSA predict the number of IPOs or the level of IPO proceeds in the MSA, 

suggesting causality does not run from growth to IPO activity in our sample. 

The second identification problem is the potential for omitted variables bias. For instance, 

IPO MSA-years (treated) and no-IPO MSA-years (untreated) observations may be qualitatively 

different in terms of their ex ante economic characteristics.  They are.  Treated MSA-years have 

more firms that are public, higher per capita income, more private firms, higher employment, and 

larger population than untreated observations.  In short, the baseline results have covariate 

imbalance between the treated and untreated observations.  To mitigate this covariate imbalance, 
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we match treated observations to untreated observations based on the first lags of the following 

covariates (all variables are in natural logs): income per capita, the lagged number of public and 

private firms, MSA population, and employment.  We then take this matched sample and repeat 

our main tests.  The point estimate remains positive, statistically significant, and similar in 

magnitude.  Moreover, following Altonji, et al. (2005), we estimate how big the magnitude of the 

bias due to selection on unobserved variables would have to be to explain our results.  The 

selection on unobservables would have to be approximately 2.5 (6.0) times as large as the effect 

of selection on our observed variables for our full (matched) sample.  Without true random 

assignment of IPOs to MSAs, we cannot definitively ascribe causality.  However, having 

reduced the concerns of reverse causality and omitted variables bias, we believe that our results 

indicate a causal impact that IPOs have a positive impact on the local economy.   

 A remaining problem is one of interpretation.  Is it the change in listing status that results 

in an economic growth effect?  Or is it simply the fact that a local firm is raising external capital?  

To assess which of these is the more likely explanation, we add to our baseline tests a variable 

that measures SEO activity in the area.  When we do so, the IPO variable remains qualitatively 

unchanged and the SEO variable is statistically insignificant.  We interpret this finding as being 

consistent with changes in firms’ listing status, rather than their raising external capital, being 

responsible for the economic growth effect.   

If there are spillover effects to local economies from firms’ listing decisions, the 

spillovers could arise from the direct effect of the company's activities feeding through to the 

local economy such as through employment (Bakke, Jens, and Whited, 2012 and Borisov, Ellul, 

and Sevilir, 2012), through impacts on local private firms in the IPO firm’s supply chain 

(Kutsuna, Smith, Smith, and Yamada, 2013), through the ownership of stock in the company by 
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local investors, or through information externalities (Badertscher, Shroff, and White, 2013).  We 

find some evidence consistent with the employment channel.  In particular, in MSAs with the 

highest IPO proceeds employment increases by approximately 25 basis points, a 16% increase in 

the average sample annual employment growth rate, and consequently, MSAs with the largest 

increase in employment experience greater growth in MSA per capita income.  We analyze the 

impact of IPO activity on new employment and businesses.  Specifically, an IPO in the past year 

increases the net job creation rate by 20 basis points (an 8.5% increase in its yearly growth rate), 

as well as the number of new business establishments by 15 basis points (an 11% increase in its 

yearly growth rate). These estimates increase considerably in the matched sample analysis.  

Our paper adds to the finance-growth nexus literature (e.g., Jayaratne and Strahan, 1996; 

Levine, 2005), particularly the body of work that addresses how equity market access impacts 

economic growth.  Our paper fits between the literature that examines how a firm’s equity issues 

(e.g., Brown, Fazzari, and Petersen, 2009; Brown and Floros, 2012) and listing status (Acharya 

and Xu, 2016) affect company activity and growth and the literature on how country-level equity 

market features affect country-level growth (e.g., Bekaert, Harvey, and Lundblad, 2005; Beck 

and Levine, 2004; Brown, Martinsson, and Petersen, 2013).  We show that firm level activity 

changing its listing status has an impact on the surrounding geographic area’s economic fortunes, 

and thus provide some micro-foundation for the country-level results in the literature and some 

macro-implications consistent with the company-level results in the literature.   
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2. A case study of the Facebook IPO  

a. Overview of the synthetic controls approach for comparative case studies 

Did Facebook’s IPO have a causal impact on property values as the media suggest, or 

would home prices in the area have increased even in the absence of the IPO? To answer this 

question, we need a good counterfactual estimate for what the change in home prices around the 

headquarters of Facebook would have been had the IPO never occurred. Motivated by the 

media’s attention to the local economic spillover effects of the Facebook IPO, we first turn our 

attention to a case study of that transaction.   

Comparative case studies that rely on aggregate data like home price values and per 

capita income suffer from two problems (see Abadie et al. (2010)). The first problem is that 

researchers may use subjective criteria to pick an appropriate comparison group for the treated 

unit. The second problem is that there is uncertainty about whether the outcome of the selected 

control group would follow a similar counterfactual trajectory in the absence of the event under 

study. The synthetic control approach of Abadie and Gardeazabal (2003) addresses these 

methodological problems. In particular, the synthetic control method constructs a data-driven 

synthetic comparison unit as the weighted average of units in donor pool to resemble the pre-

treatment characteristics of the treated unit.  The intuition behind the approach is similar to the 

tracking portfolio approach that Lamont (2001) uses to forecast macroeconomic variables.  An 

introduction to the approach appears in Abadie and Gardeazabal (2003); a good technical 

discussion of the asymptotic properties and finite sample application appears in Abadie, 
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Diamond, and Hainmueller (2010); an application of the approach to multiple treated units is 

Berger, et al. (2015); code to implement the procedure is available on Hainmueller’s web page.4 

For our treated observation (i.e., San Mateo-Santa Clara, CA in 2012, the MSA in which 

Facebook is headquartered), we want to construct a synthetic MSA that has similar ex ante 

characteristics.  We take a donor pool of MSAs that are candidates to contribute to the synthetic 

MSA that will serve as a counterfactual for the treated observation.  The method then allows the 

data to determine what non-negative weights in which donor pool observations produces the best 

match by matching on covariates that explain the outcome variable, real estate prices or per 

capita income, that we are studying.  The matching procedure involves minimizing the root mean 

squared prediction error (RMSPE) of the synthetic control during the pre-treatment period.  With 

a good enough match over a large enough number of pre-treatment time periods, this procedure 

constructs a counterfactual that is alike in both observed and unobserved determinants of the 

outcome variable; otherwise, we could not produce similar trajectories of the outcome variable 

over extended periods of time while maintaining a match on observed covariates.  Abadie, 

Diamond, and Hainmueller (2010) formalize this result.  

 We use this empirical methodology in this section to study if Facebook’s IPO indeed had 

a causal impact on home prices around the company’s headquarters, and then the IPO’s effect on 

per capita income. Using a set of placebo tests (or falsification tests) we also study whether the 

results are coincidental and occur in other areas as well, or whether they are present only for the 

affected area of San Mateo and Santa Clara. 

b. Data and donor pool 

We collect aggregate data on per capita income, unemployment rate, population density, 

housing density, and the total number of public firms for every US county from 2003 until 2014. 
                                                 
4 http://web.stanford.edu/~jhain/software.htm  
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Facebook’s headquarters are in Menlo Park, which officially is part of San Mateo county. 

However, because Facebook’s headquarters are at the boundary of San Mateo and Santa Clara 

counties, there are potential spillover effects from Facebook’s IPO across these two counties, and 

therefore we treat them as a single county by taking the average of all their variables. But we 

note that the empirical results do not rely on this classification, and remain unchanged if we use 

the population weighted average of San Mateo-Santa Clara county, or if we use San Mateo 

(Facebook’s actual location) as our treated unit and drop Santa Clara from the sample. 

A researcher must apply discretion over the selection of the donor pool.  To make the 

donor pool of control counties more representative of San Mateo-Santa Clara, an MSA with 

many public companies, we keep only counties that have at least 20 public firms. We exclude 

from the donor pool any counties with missing observations on income, population, 

unemployment, or housing prices. To mitigate confounding effects from counties that also had 

large IPOs around the same time that Facebook went public, we exclude from the donor pool 

counties whose total proceeds from IPOs in 2012 exceeded 20% of Facebook’s proceeds. The 

cutoff of 20% is an arbitrary choice, but it leaves us with a large donor pool of 55 potential 

control counties (listed in the appendix).  Allowing donor pool MSAs to have IPOs, albeit 

smaller ones, biases against finding a treatment effect from the Facebook IPO. 

c. Synthetic controls method: The effect of Facebook’s IPO on real estate prices 

We collect data on home prices from Zillow. Because home prices in San Mateo-Santa 

Clara are consistently among the highest in the country, we use the data from Zillow to create a 

normalized housing price index using January of 2006 as the basis year rather than using actual 

price levels. Zillow provides the median estimated home value for bottom, middle and top tier 

houses in each county. We test the effect of Facebook’s IPO separately for each housing 
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category. If the listing effect of Facebook drives the change in home prices in the housing market 

of San Mateo and Santa Clara, then we would expect to see an increase only in expensive homes 

(in the top third) because those are the homes the new-found millionaires of the Facebook IPO 

are more likely to buy.  Alternatively, if these local real estate prices are simply following a 

general trend, we would expect to see no meaningful difference in price trajectories for 

expensive, middle, and inexpensive homes.  We present the results in Figure 1.  

[Insert Figure 1 here] 

Figure 1 shows the behavior of a synthetic county that has similar characteristics with 

San Mateo-Santa Clara and mimics the pre-treatment home price index of San Mateo-Santa 

Clara. We perform separately this analysis for houses in the top third of house values (Figure A), 

for houses in the middle third of house values (Figure B) and for houses in the lower third of 

house values (Figure C). The portfolio of counties and the respective weights that we use to 

construct the synthetic county that resembles the top-tier home values in Santa Mateo-Santa 

Clara are approximately the following: 48.1% Dallas county TX, 16.4% Montgomery county 

MD, 14.3% San Francisco county CA, 13.5% San Diego CA, 6.5% Miami-Dade county FL, and 

1.1% King county WA. The results suggest that as of June 2013, the estimated average increase 

in the home price index for San Mateo-Santa Clara is approximately 8.8% higher than its 

synthetic control county, and the difference reaches almost 15.5% one year after Facebook’s 

listing.5 The average differences for middle-tier and bottom-tier house values compared to their 

synthetic control are 3.8% and 3.1%, respectively, which are much lower than the increase in the 

price index for the expensive homes.  

                                                 
5 These percentages reflect the change in home prices from the pre-crisis level in January 2006 as baseline level. 
Using February 2012 as the baseline level (the day Facebook files for the IPO), the percentage increase for top-tier 
houses in the treated county is approximately 10% higher, and for the increase for middle-tier and bottom-tier is 
approximately 5% higher.  
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Figure 1, panel D plots the gap, or the difference, between the actual home price index 

and the estimated index of the synthetic unit is significantly higher for top-tier homes. This result 

further corroborates the view that the change in home prices is due to the listing effect of 

Facebook and consequently affects mostly expensive homes.  

Although the point estimate of the abnormal increase in the prices of expensive homes in 

Santa Clara-San Mateo is large, it is difficult to assess the statistical significance for a single 

observation.  Following common practice among papers using the synthetic controls approach, 

we use a series of placebo, or falsification, tests to examine whether the magnitude of the change 

in the home price index that we observe is unusual. To this end, we iteratively apply the same 

methodology to every county in the donor pool and plot the difference in the home price index 

between the true unit and the control unit (gaps in home price index). Following standard 

practice in the literature, we omit ten percent of the placebos (five counties) that have the highest 

RMSPE in the pre-treatment period. We perform this analysis separately for top-tier, middle-tier 

and bottom-tier houses and present the results in Figure 2. 

[Insert Figure 2 here] 

Figure 2, Panel A shows the placebo test for the top-tier housing market. The price 

increase of expensive homes in San Mateo-Santa Clara county (dashed line) is far larger than its 

synthetic control, and far above any other gap from the placebo counties. This is not the case for 

middle-tier or for low-tier homes (Figures B and C of Figure 2, respectively), whose estimated 

gap is relatively small and lies within the distribution of the gaps from counties in the donor 

pool. Taken together, the results of Figure 1 and Figure 2 suggest that the listing effect of 

Facebook had indeed a large causal effect on San Mateo’s-Santa Clara’s housing market. 

d. Synthetic controls method: The effect of Facebook’s IPO on per capita income 
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In this section, we use the synthetic controls method to test whether Facebook’s 

enormous IPO had significant spillover effects on the local economy besides real estate prices, 

and in particular, we study whether it also affected per capita income in San Mateo-Santa Clara 

county. Using the same donor pool of control counties, we construct a synthetic county that has 

similar unemployment rate, population density, and number of public firms and mimics San 

Mateo’s-Santa Clara’s income trajectory before Facebook’s IPO. We present the results in 

Figure 3.  

[Insert Figure 3 here] 

The synthetic unit consists of the following control units and weights respectively: 46.8% 

Fairfield county CT, 33.3% Suffolk county MA, 10.3% Palm Beach county FL, 9.5% Alameda 

county CA. Figure A of Figure 3 shows that the synthetic control for San Mateo-Santa Clara 

matches almost perfectly its pre-treatment trajectory. After Facebook’s IPO however, per capita 

income in the San Mateo-Santa Clara county significantly exceeds its estimated counterfactual 

increase. Our results suggest that one year after the IPO, per capita income increased on average 

by $5,778 more than its synthetic counterpart, which is approximately 8% increase in per capita 

income of its pre-IPO level (see Panel B of Figure 3).  This measure of per capita income from 

the BEA does not include capital gains.  Therefore, the measure does not reflect any change in 

wealth due to valuation changes in Facebook. 

We also perform a placebo analysis to assess the significance of our estimates. The 

results of the placebo test are in Panel C of Figure 3. San Mateo-Santa Clara stands out from the 

placebos.  The gap for the treated county is far above the distribution of gaps for the placebo 

counties, suggesting that the magnitude of the change in per capita income that we observe is 

unlikely to occur by chance.  The only other county whose gap was comparable to San Mateo-
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Santa Clara was San Francisco county. Considering that these are neighboring counties, it is 

logical to see that the wealth shock from the listing effect to spill over to neighboring counties. 

 

3. A panel analysis of MSAs with IPOs 

a. Overview of our full sample approach 

In this section we expand our analysis from the Facebook case study to include a broader 

sample of IPO events to examine whether the growth effect we found to be caused by 

Facebook’s IPO is a general phenomenon.  We start with panel regressions that estimate a 

change in per capita income growth for MSAs with an IPO, with large IPOs, and with other 

external financing events.  We then check for evidence of reverse causality—that IPOs are a 

result of, rather than cause of, local economic growth.  We narrow our sample with a matching 

procedure to ensure that we compare treated observations to ex ante similar controls, and then 

explore a possible channel for the effect that we find. 

b. Data 

We gather IPO data on US firms from Securities Data Corporation (SDC) and use each 

firm’s headquarters’ zip code to determine its associated home MSA based on matched zip codes 

from the US Post Office and US Census Bureau. MSAs vary by geographic size, and have 

irregular borders which cross state lines in some cases (e.g. the Charlotte, NC MSA also includes 

the cities of Rock Hill and Fort Mill in South Carolina among others). Some firms may have 

operations in geographic areas other than where their headquarters location is; this geographic 

dispersion should bias our estimates towards zero. 

We gather economic data including per capita income, employment, number of public 

firms, and number of private firms for each MSA from the Bureau of Economic Analysis (BEA) 
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and the monthly Current Population Survey (CPS) to obtain population. CPS data is at the 

household level, so individual households are aggregated by MSA to form the population 

variable. 

We remove all ADRs, ETFs, REITS, non-stocks, financials, utilities, MLPs, and CEFs 

from the sample. From this sample we determine the year of the IPO from Securities Data 

Corporation (SDC), and the associated headquarters MSA from its headquartered zip code. We 

drop spin-offs, firms missing headquarters zip code data, and firms with market capitalization of 

less than $100 million.  We also gather data on SEOs from 1980-2011 from SDC to compare the 

impact of IPO offerings to SEO offerings.  Although the results are insensitive to doing so, we 

winsorize all variables at the 1st and 99th percentiles of their empirical distributions.  

Winsorizing mitigates the effects of outliers, such as from MSAs that experience large changes 

in per capita income after natural disasters.   

Our main analysis is a pooled OLS regression with natural logarithm of the ratio of 

current MSA income per capita to previous year MSA income per capita, Ln(Yt/Yt-1), as the 

dependent variable. Augmented Dickey-Fuller tests confirm that, unlike per capita income, 

which is very persistent, the logged ratio of per capita income is stationary. In the regressions, 

we control for the following variables: population, number of private firms, employment, and 

number of public firms.6 Including a lag of the dependent variable makes no substantive impact 

on our coefficient estimates.  In all our regressions, we include MSA fixed effects to absorb 

time-invariant unobserved heterogeneity, and year fixed effects to control for macroeconomic 

events that affect all MSAs.  Excluding either or both fixed effects strengthens the magnitude 

                                                 
6 Our control variables are in natural logs of levels, but using differences of natural logs as controls does not change 
our results. 
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and statistical significance of our results. In our regressions we cluster standard errors by MSA 

and by year. 

c. Summary statistics 

Table I presents summary statistics for the main variables. The final sample consists of 

366 MSAs over a 32 year period. The average MSA has per capita income of $22,800, a 

population of approximately 600,000, 56,000 private firms, and 23 public firms. Although the 

median number of IPOs and SEOs in a given MSA-year in the sample is zero, the number of 

IPOs varies considerably across different years, as 275 distinct MSAs had at least one IPO 

satisfying our data screens at some point in the sample. The distribution of proceeds is skewed, 

with some IPOs exceeding $10 billion and the average proceeds at approximately $86 million.  

[Insert Table I here] 

In Table I, Panel B, we divide the sample into five groups based on the level of IPO 

proceeds in a given year—observations with no IPOs and observations in each of the four 

quartiles of IPO proceeds—and present the group averages.  MSAs with lower IPO proceeds are 

smaller in population than high IPO activity MSAs, they have lower income, and they have 

fewer private and public firms. The differences in these characteristics are significant, and we 

address below whether this issue confounds our inference in our baseline tests.  

d. Panel regression results: MSAs with IPOs and MSAs with large IPOs 

To examine whether IPOs have spillover effects on the local economy, we begin by 

regressing a measure of per capita income growth on two dummy variables that indicate whether 

the MSA had at least one IPO a year and two years before. The results in Table II suggest that 

MSAs with at least one IPO the year before, experience approximately a 30 basis point, or a 6.5 

percentage increase relative to the mean rate of per capita income growth. This increase in 
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growth does not reverse: the coefficient on the IPO dummy for two-years-prior is 

indistinguishable from zero.   

[Insert Table II here] 

These results obtain with MSA and year fixed effects in our regressions.  The MSA fixed 

effects remove unobserved factors that influence per capita income and remain constant in time, 

and therefore our estimates obtain from time series variation in IPO activity within a certain 

MSA. Time period fixed effects capture the variation from systematic factors that affect per 

capita income across all MSAs during different times in the business cycle. We use a dummy for 

each year, but when we use coarser indicators for the IPO cycles identified by Butler, Keefe, and 

Kieschnick (2014) our results are qualitatively unchanged (we do not tabulate these results). 

Moreover, we cluster standard errors at both the MSA level to address potential correlation in per 

capita income within an MSA and at the year level to address the possibility that IPOs cluster 

within certain years (see Schultz, 2003).  

Not all IPOs are equal, and we expect that heterogeneity in IPOs to create variation in the 

treatment effect of IPOs.  For example, Facebook’s IPO was an outlier in terms of size, and its 

impact on the local economy was large.  We expect that larger IPOs should have larger impacts 

on per capita income growth, other things equal.   To this end, we group MSAs that have had at 

least one IPO into quartiles based on the size of IPO proceeds aggregated over all IPOs in that 

MSA for any given year in the sample. We then compare the effect of IPO activity on per capita 

income growth of MSAs that belong in the top quartile of IPO proceeds with all other MSAs. 

The results in the second column of Table II suggest that the MSAs at the top quartile of the IPO 

proceeds distribution have approximately 35 basis points higher subsequent income per capita 

growth than that of our control group, MSAs that are in one of the bottom three quartiles of IPO 
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proceeds or that have no IPOs. This estimate is about 16% larger than our estimate using an 

indicator for any IPO activity.  

We explore this variation at the intensive margin further in Table II, in which we use 

different subsamples to understand better the magnitude of the IPO-growth effect. In column (3) 

of Table II, we run our baseline regression on only MSA-years where there was at least one IPO.  

Thus, the coefficient on the IPO Proceeds High indicator reflects the difference between an 

MSA-year with heavy IPO activity compared to MSA-years with some, but not extensive, IPO 

activity.  This test is particularly informative because we are comparing heavy-IPO activity 

MSA-years to counterfactual observations that are MSA-years that had non-zero, but not 

extensive, IPO activity.  If omitted variables that relate to both IPO activity and growth 

contaminate our estimates, this test will mitigate that bias substantially.  The statistically 

significant coefficient is about 24 basis points, which indicates that, intuitively, heavy IPO 

activity has a larger impact on growth rates of per capita income.   

Column 4 omits the MSA-years with only moderate IPO activity and keeps the extremes: 

MSA-years either with zero IPOs or with heavy IPO activity.  Not surprisingly, the coefficient 

on the IPO variable is larger in magnitude, 45 basis points.  Finally, in column 5 we drop MSAs 

that had no IPOs during our sample period (“never treated”); the coefficient is similar in 

magnitude, 32 basis points, to our baseline specification. 

[Insert Table III here] 

Very large MSAs present an empirical challenge, because on the one hand they might 

have inordinately heavy IPO activity but on the other hand they are potentially so large that any 

one IPO is unlikely to have any measurable impact.  We address potential confounding effects of 

the size of the MSA in two ways.  First, we exclude the largest 20 MSAs from the sample, and 
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second, we include all MSAs but normalize the size of IPO proceeds by MSA population (IPO 

proceeds per capita). The results in the second and third column of Table III are similar to the 

results of the regression in the first column of the table, and suggest that high IPO activity has an 

economically and statistically large effect on per capita income growth.  When we exclude the 

top population centers our coefficient estimate increases to 49 basis points, consistent with those 

MSAs not having disproportionate IPO activity.  Likewise, our per capita adjustment to IPO 

activity results in a smaller coefficient estimate, 23 basis points, consistent with the idea that in 

big MSAs, any given IPO will have only a modest impact.  From both of these results, we 

conclude that the impact of IPO activity on economic growth is likely to be larger in smaller 

MSAs.  

An important question at this point is whether our results arise from the liquidity 

consequences of an IPO, or simply from the fact that firms are raising capital. To distinguish 

between these two channels, we add to our regression of income on IPO activity an additional 

covariate—seasoned equity offering (SEO) activity.  If firms’ capital raising activities drive our 

result, we should see a positive and significant coefficient on our SEO variable.  If it is in 

particular the change in listing status due to the IPO that drives the result, then the coefficient on 

the SEO variable should be indistinguishable from zero.   

We group MSAs into quartiles based on the level of IPO proceeds and SEO proceeds, 

and then we test whether MSAs that belong to the top of the yearly distribution of IPO and SEO 

issuance have a positive effect on per capita income.  IPO activity and SEO activity in an MSA 

are correlated (correlation = +0.28), but not enough to cause concern about multicollinearity. We 

present the results of this regression in column 5 of Table III.  Consistent with the story that the 

listing status drives the change in income growth, we find that MSAs with high SEO activity do 
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not experience an increase in per capita income.  Meanwhile, the coefficient on high IPO 

proceeds MSAs remains virtually the same in magnitude and statistically significant.  

e.  Is reverse causality or omitted variables bias a concern? 

e.1.   Reverse causality does not drive the results. 

The timing of a firm’s decision to go public is not random. If firms systematically decide 

to go public in advance of local economic booms, then the regression coefficients we find could 

be the result of reverse causality. Although the literature offers ample evidence that overall stock 

market conditions play a significant role in firms’ decision to go public, there are no theoretical 

or empirical studies, to the best of our knowledge, suggesting that local economic conditions 

drive the timing of a firm’s IPO. 

Using survey responses from 366 CFOs, Brau and Fawcet (2006) find that overall stock 

market conditions is the most important factor that determines managers’ timing of an IPO. 

Numerous empirical studies also suggest that managers and venture capitalists try, successfully 

or not, to time an IPO based on when they believe market conditions offer “a window of 

opportunity” for the firm (see, among others, Ritter (1991), Lerner (1994), Rajan and Servaes 

(1997), Baker and Wurgler (2000), Schultz (2003), and Butler, et al. (2005)). Factors that also 

affect the timing of IPOs include industry-wide information spillovers (Alti (2005)), 

overvaluation and investor sentiment (Pagano, et al. (1998), Lowry (2002)), product market 

competition (Brau, et al. (2003),  Chemmanur and He (2011)), as well as the legal environment 

(Cumming, et al. (2006) and Cumming (2008)). 

We empirically investigate whether past income growth and other measures of local 

economic activity affect the timing of IPOs in different cities. Further, we regress IPO proceeds 

in a given year on lags of income per capita growth, lagged IPO proceeds, and lagged measures 
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of local economic activity. Because IPO proceeds are zero for the majority of MSA-years the 

distribution of the dependent variable is highly skewed, and as a result a linear regression model 

does not provide a good fit for the data. For the sake of simplicity and keeping our empirical 

methodology consistent, we focus on MSA-years that had at least one IPO.  That is, for these 

tests, we omit the MSA-years with no IPO activity, and include only those that have at least 

some IPO activity.  The logarithm of IPO proceeds in this sample is normally distributed, so we 

use OLS regressions with firm and year fixed effects.  

[Insert Table IV here] 

The results in Table IV suggest none of the lags of past per capita income growth predict the 

level of IPO proceeds (first column). On the other hand, consistent with the results in tables II 

and III, we find that past IPO activity has a significantly positive effect on income growth 

(second column). That is, local IPO activity appears to predict future local per capita income 

growth, but local per capita income growth does not appear to predict future local IPO activity. 

e.2. Selection on unobservables is unlikely to explain our results.  

Although our matched sample analysis mitigates concern over whether omitted variables 

bias drives our result, and our MSA fixed effects absorb time-invariant unobserved 

heterogeneity, it is still possible that time-varying unobserved factors drive the observed effect of 

IPO activity on income growth. 

In this section we quantify how large the effect of selection on unobservable 

characteristics has to be to explain our results.  Altonji, et al. (2005) formalize the procedure to 

estimate how the coefficients would change if selection on unobservable factors were equal to 

the treatment effect. Oster (2014) generalizes this methodology allowing empiricists to set an 

upper bound on the variation in the model that unobservable factors could potentially absorb, and 
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estimate how large selection on unobservables has to be (as a proportion of all the control 

variables) so that the effect of the treatment is zero.  

We estimate the degree of selection on unobservables relative to selection on observables 

that would be necessary to explain away the estimated effect of IPO activity on income. In 

untabulated tests we find that the selection on unobservables has to be at least 2.5 times larger 

than selection on observables for the treatment effect of IPO activity to be zero. For the matched 

sample regressions that we describe below, selection on unobservables has to be at least 6 times 

larger than selection on observables to explain our results, consistent with the idea that 

unobserved factors are less likely to drive the matched sample estimates. Moreover, if the 

selection on unobservables and observables were equally important, the treatment effect of IPO 

activity on economic growth would drop from 35 basis points to 24, but the effect would still be 

statistically significant. 

Taken together, the empirical results in this section are not consistent with reverse 

causality or unobserved factors driving the effect of IPO activity on per capita income.  

f. Results from a matched sample 

As Panel B of Table I suggests, MSAs that experience high IPO activity are different 

from MSAs with lower levels of IPO activity. A legitimate concern therefore is whether the 

significant differences of MSAs’ characteristics—their initial per capita income, population, 

employment levels, or number of public and private firms that operate there—correlate with 

unobserved factors that drive our estimates.  These differences may confound our inference, and 

so in this section we address this potential bias by making apples-to-apples comparisons through 

a matching-plus-regression approach.   
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We want to match on five characteristics (shown in Table V), which creates a potential 

“curse of dimensionality” problem for us.  To balance inclusiveness of observations with 

closeness of match along all dimensions, we use a matching method called coarsened exact 

matching (see Blackwell et al. (2009)). The procedure is similar to characteristic matching, but 

rather than trying to match well on multiple continuous dimensions, such as the characteristic 

matching in Barber and Lyon (1997), we match exactly on discretized bins (quintiles, in our 

case) of these variables.  The result is a categorical match on every dimension for every 

observation that we use.  First, we pick the main covariates that we need to balance between the 

treated and control group. These covariates are the number of public firms and private firms, 

employment, population, and lagged income per capita. Then, we cut (or coarsen) these 

covariates into quintiles based on the yearly distribution of their values. This process creates a 

number of five dimensional strata, or bins.  Finally, we put all of our observations in these bins 

and make sure that each bin has at least one observation from the treated and control group. We 

drop all observations that do not satisfy the above criteria.  At the end of the process, we have 

trimmed our initial dataset to approximately 2,047 observations (942 treated, 1,105 controls) 

with well-balanced covariates between treated and control units. Once we match, the 

standardized differences in Table V suggest that our matched sample contains MSAs with well-

balanced characteristics between treated and control units.  

[Insert Table V here] 

This matching procedure allows us to compare “apples to apples,” and it eliminates the 

extrapolation that can occur with regression analysis of a heterogeneous sample.  The difference 

of means in per capita income growth for the treated and controls is 47 basis points weighting 
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each MSA-year observation equally and is 42 basis points if we weight each of our coarsened 

bins equally.   

Using this matched sample, we repeat our analysis using fixed effect regressions within 

the matched sample. The regression results of this analysis are in Table VI.  Despite the 

reduction in the sample size, the statistical significance of the coefficient rises and is 

qualitatively consistent with the previous regression estimates.  In fact, the magnitude of the 

coefficient on the indicator for high IPO proceeds per capita increases by more than one-third to 

32 basis points. 

Overall, by combining matching methods with fixed effect regressions, the results in this 

section mitigate potential concerns that our results are the result of an omitted variables bias, and 

further corroborate the evidence that IPOs have a positive effect on per capita income.  

[Insert Table VI here] 

g. Employment and the IPO-growth effect 

Having established that IPOs have a positive effect on income per capita, we investigate a 

potential channel through which IPO listings could affect the local economies. For instance, high 

IPO listings activity could have a direct effect on firms’ activities by increasing employment, 

which then feeds to the local economy and increases per capita income (Bakke, Jens, and 

Whited, 2012 and Borisov, Ellul, and Sevilir, 2012). We investigate the effect of high IPO 

activity on employment and find that MSAs at the top quartile of the yearly distribution of IPO 

proceeds (normalized by population) have an approximately 25 basis points increase in 

employment growth (from 1.5% to 1.75%). Our estimates from the matched sample regressions 

remain almost identical. 

[Insert Table VII here] 
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The regression results in Table VII are consistent with the hypothesis that an increase in 

employment is a potential channel through which IPO activity feeds into local economies. In 

particular, we hypothesize that the effect of large IPO listings on per capita income should be 

economically larger when their effect on employment is high. To test this hypothesis, we group 

MSAs based on their distribution of employment change and study the effect of high IPO 

activity for each MSA group. We present the results of this analysis in Table VIII.  

[Insert Table VIII here] 

The evidence is mixed.  In the first column, we pool our observations and test the 

hypothesis that employment change is a channel.  We examine the coefficient on an interaction 

of employment change in the MSA and whether the MSA had a large IPO.   Consistent with our 

other tests of the direct effect of IPOs on the local economy, large IPOs have a positive and 

statistically significant effect on per capita income.  However, the coefficient on the interaction 

term, which is statistically indistinguishable from zero, shows that the impact of changing 

employment in the area does not have a marginal effect on the IPO-growth effect. In Panel B of 

Table VIII we limit our sample to our matched sample of MSAs with similar lagged income, 

population, and number of public and private firms, and examine whether high IPO activity is 

associated with higher income growth in MSAs that also experience high employment growth. 

Like the full sample results, the results using the matched sample do not suggest there is a direct 

complementarity between IPO activity and employment growth. This evidence is inconsistent 

with an employment channel explaining the IPO-growth effect we document.  

On the other hand, columns two and three of the table suggest there is a differential effect 

of an IPO on local income depending on whether there is a change in employment.  In these 

columns, we report results from running our baseline regression on subsamples of highest 
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employment growth (top quartile, in column 2) and lowest employment growth (bottom quartile, 

in column 3).  Here we see a substantial difference in the point estimate of the IPO effect.  For 

the group of MSAs that experience the highest increase in employment growth, the effect of an 

IPO is a 33 basis point increase in per capita income growth.  But for the group of MSAs that 

experience the lowest increase in employment growth, the effect of an IPO is only a 12 basis 

points increase in per capita income growth that is statistically indistinguishable from zero.  

These estimates are consistent with an employment channel. 

One source of the difference between the pooled results and the subsample results 

appears to be the role of the MSA population.  For the high employment growth subsample, 

larger MSAs among that group have lower per capita income; for the low employment growth 

subsample, larger MSAs among that group have higher per capita income.   

h. IPO activity leads to an increase in new business starts and job creation 

Does a change in local business activity—new business starts and new job creation—

within an MSA contribute to the IPO-growth effect we find?  We collect data on new business 

establishments and job creation for MSAs in our sample from the US Census Bureau.  

We first investigate whether MSAs that have at least one IPO experience an increase in 

the number of business establishments and the jobs in subsequent years. According to our 

estimates in column one of Table IX, an MSA with at least one IPO in the past year experiences 

a 15 basis point larger increase in the number of establishments than in years with no past IPO 

activity. The average (median) MSA has about 11,778 (4,400) establishments and that number 

increases at an average annual rate of 1.3%. Based on our MSA fixed effects estimates, an IPO in 

an MSA increases the rate of growth in the number of establishments by 15 basis points, from 
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1.3% to 1.45%, and reaches 1.52% for the matched sample. Our estimates imply that on average 

17-27 more establishments will be created following IPO activity in the MSA. 

The average (median) MSA has approximately 3,644 (1,179) more jobs (net) every year, 

which represents a 1.7% annual increase every year (mean). Based on our MSA fixed effects 

estimates, an IPO in an MSA increases the net growth rate of jobs by 0.2% for the full sample 

(by 0.67% for our matched sample), from 1.7% to 1.9% (2.37%). These estimates imply that on 

average 200-260 more jobs are created following IPO activity in the MSA.  

 [Insert Table IX here] 

Overall, our results indicate that IPO activity influences business and job creation.  We 

believe that unobserved factors are not responsible for the effects we observe for two reasons. 

First, this effect becomes economically larger when we focus only on a matched sample as 

shown from columns 2 and 4 in the regressions in Table IX.  Second and more importantly, by 

including MSA fixed effects in the regressions, our coefficients are determined by the variation 

in IPO activity in time within the same MSA. This empirical approach controls for unobserved, 

non-varying MSA-specific characteristics that could drive our estimates.  

 i. MSAs with a single IPO and the marginal effects of IPO characteristics  

 IPOs tend to cluster in a few large Metropolitan areas. But the majority of MSAs in our 

sample experience either exactly one IPO, or no IPOs at all in any given year. In this section, we 

focus on the sub-sample of MSA-years with only one or zero IPOs for two reasons. First, MSAs 

that experience no IPOs, or have at most one, tend to have similar characteristics, allowing us to 

construct cleaner and more compelling tests for the effect of IPO activity on per capita income 

growth. Second, because treated MSAs experience exactly one offering, we investigate whether 

IPO characteristics have a heterogeneous impact on per capita income growth.  
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 For each of the 876 MSA-years in our sample that have exactly one IPO, we match an 

MSA with similar characteristics in terms of population, private and public firms, employment, 

as well as past income level, but had no IPOs during that year. Using the Abadie and Imbens 

(2006) nearest-neighbor matching estimator, we estimate the average difference in per capita 

income growth between an MSA that had one IPO and its closest match that had no IPOs. The 

results of the matching estimator are in Table X, and suggest that one IPO leads to an 

approximately 24 basis points increase in MSA per capita income growth. The estimated 

difference in income growth using a matched sample OLS regression of IPO activity including 

MSA and year fixed effects is also statistically significant, but the economic effect is smaller.  

[Insert Table X here] 

 The data structure of this subsample allows us to examine cross-sectional variation in the 

effect of IPO firm characteristics on economic growth.  Understandably, it is impractical to 

include MSA-years with multiple IPOs because the IPO firms’ characteristics average out across 

the MSA.   Specifically, for each of the 876 distinct MSA-year singleton IPOs, we collect 

information about the amount of primary and secondary shares issued, the number of days that 

new shares remain in lockup, the size of the IPO offer as a share of the firm’s size, and whether 

the IPO is backed by venture capital (VC) companies. We hypothesize that if IPOs create 

positive economic spillovers by giving shareholders access to the equity market, then the IPO 

growth effect should be larger for IPOs selling a larger share of existing shares (secondary 

shares). Moreover, IPOs that require shareholders to wait for an abnormally long period before 

they can liquidate their shares should have a smaller impact on income per capita than IPOs with 

short lockup periods. We also hypothesize that getting access to the equity market should have a 

larger effect on income when the firm raises a larger amount of external capital relative to its 
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pre-IPO size. Lastly, we test whether venture-backed IPOs to have a smaller impact on income 

growth, because VC investors, often institutional investors, may be less geographically 

proximate to the IPO firm and are less likely to be liquidity constrained. 

To test whether IPO heterogeneity is consistent with these hypotheses, we match MSAs 

that have similar characteristics and have exactly one IPO, but differ in terms of the above 

offering characteristics. Using both regression and matching estimators, we do not find a 

statistically significant difference in income per capita growth between MSAs with different IPO 

characteristics (results not tabulated). The results suggest that different IPO characteristics do not 

have a noticeable marginal impact on the IPO-growth effect.  These non-results should be taken 

with a grain of salt, though, because these tests are based on small sub-samples.  To test these 

hypotheses, our treated and control groups generally consist of at most 200 MSA-years, and so 

we do not consider this sub-sample evidence to be conclusive.  

 

4. Discussion  

Although the apparent effect of the Facebook IPO on the area near the company’s 

headquarters is the inspiration for this paper’s line of inquiry, the spillover effects from an IPO to 

the local economy seem to be real and quite general.   It is remarkable that an IPO can have a 

spillover effect on the listing firm’s local economy because the transaction is not creating a new 

firm, it is simply changing an existing firm’s listing status.  This change in listing status makes 

the firm’s equity liquid and gives the firm better access to financial markets to raise external 

capital.  Not surprisingly, firms that have larger IPOs have larger spillover impacts, on average.  

Yet, it is not the per se act of raising capital that causes this effect, because seasoned equity 
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offerings have no measurable spillover effect at all.  These findings show a positive role of 

financial markets in economic wealth and growth. 
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Figure 1, The effect of Facebook’s IPO on Home Price Index: The effect of Facebook’s IPO on home 
price index in San Mateo – Santa Clara county (solid line) and its synthetic county (dashed line). The top 
left graph shows the house price index for houses in the top price tier, the top right graph shows the house 
price index for houses in middle price tier, and the bottom left graph shows the house price index for 
houses in the bottom price tier. The graph in the bottom right plots the difference (the gap) in the home 
price index between San Mateo and the synthetic county for top-tier (straight line), middle-tier (dashed 
line), and low-tier (dash-dot line) respectively. We calculate the house price index from median home 
price levels within each tier group using the price level in January 2006 as the base (=100). The frequency 
of the data is monthly. The house price index for the treated county is the average house price index 
between San Mateo and Santa Clara (in each tier group respectively). The index for the synthetic county 
is from a pool of 55 US counties (counties for which Zillow had data available since 2006 and had at least 
20 public firms in each year from 2006-2013). See Appendix A for the full list of candidate counties. The 
vertical line represents Facebook’s IPO date. 
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Figure 2, Placebos: Placebo studies for the effect of Facebook’s IPO on median house price index using 
all counties in the sample. The gap is the difference between the treated and synthetic home price index 
for each county (Treated unit index – Synthetic unit index). We exclude 10% of the sample (six counties) 
with the highest RMSPE. The heavy dashed line represents San Mateo–Santa Clara county and the solid 
lines represent the remaining 55 counties. To produce each graph in this figure we treat all counties that 
did not experience IPO activity at the scale of Facebook’s IPO (less than 20% of Facebook’s proceeds) as 
if they had, and we calculate for each placebo county the gap between the actual house price index and 
the house price index of its synthetic match. The top left and right graphs show the gaps for top and 
middle price tier respectively, and the bottom left graph shows the gaps for the low price tier. The vertical 
line represents Facebook’s IPO date. 
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Figure 3, The effect of Facebook’s IPO on Income per capita: The effect of Facebook’s IPOs on 
income per capita. The top left graph shows the actual income per capita for San Mateo – Santa Clara 
(solid line) and the synthetic control county (dashed line). The top right graph shows the gap in per capita 
income (PCI) between the treated and control county (= Treated PCI – Synthetic PCI). In the bottom left 
graph we apply the same methodology as in the top right graph and calculate the gap for all counties in 
the sample as a placebo test. The fat dashed line represents San Mateo – Santa Clara County and the solid 
lines represent the remaining 55 counties. We treat all counties that did not experience IPO activity at the 
scale of Facebook’s IPO (less than 20% of Facebook’s proceeds) as if they had, and we calculate for each 
placebo county the gap between its actual income per capita and its synthetic match income per capita. 
We use quarterly data (interpolated from yearly data), and therefore we indicate Facebook’s IPO filing on 
the fourth quarter of 2011. 
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Table I: Summary Statistics. This table presents the summary statistics for MSA and IPO related 
variables. Panel A presents means, medians, standard deviations as well as the top and lowest decile for 
each variable. Panel B shows averages of all variables for MSAs based on IPO activity. The first column 
presents averages of MSA variables with no IPO activity. Columns two-five (Q1-Q4) present average 
variables of MSAs that belong to the lowest quartile (Q1) through the highest quartile (Q4) of IPO 
proceeds in any given year. We describe in more detail the filters that produce these samples in section 3 
of the main text. 

 
Panel A: Summary statistics 

 N Mean SD Min 10th  50th  90th  Max 

MSA-Variables         

Per Capita Income (`000s) 11,712 22.8 9.7 5.3 11.2 21.5 35.9 80.1 
Ln(PCIt/PCIt-1) 11,346 4.5 3 -5.9 1.38 4.5 7.9 12.5 
Population (`000s) 11,712 604.4 1,414.9 11.2 95.7 205.9 1,281.5 19,015 
# of Private Firms (`000s) 11,712 56.0 135.4 0.7 7.9 19.6 112.7 2,410 
# of Public Firms  11,712 22.9 83.6 0.0 0.0 3.0 42.0 1,323 
Employment (`000s) 11,712 344.3 808.6 4.2 49.1 113.7 752.6 11,061 
Job creation rate (%) 11,616 0.17 0.04 0.07 0.12 0.16 0.21 0.75 
%Δ(Establishments)  11,616 1.36 0.03 -1.83 -1.65 1.30 4.10 34.34 

IPO-Variables         
# of IPOs 11,712 0.9 4.6 0.0 0.0 0.0 1.0 125 
# of SEOs 11,712 0.9 6.5 0.0 0.0 0.0 1.0 150 
IPO Proceeds ($ m) 11,712 86.2 669 0.0 0.0 0.0 57.8 25,915 
SEO Proceeds ($ m) 11,712 102 1,237 0.0 0.0 0.0 12.8 67,104 

 

Panel B: Average values of variables for quartiles based on IPO Proceeds 

No IPOs Q1 Q2 Q3 Q4

MSA-Variables   
Per Capita Income (`000s) 22.2 23.7 24.3 25.7 28.7
Ln(PCIt/PCIt-1) 4.4 4.6 4.6 4.7 4.8
Population (`000s) 305.8 778.5 1081.8 1652.2 4523.7
# of Private Firms (`000s) 27.9 74.7 104.3 154.8 417.7
# of Public Firms 5.8 25.5 39.7 72.3 273.7
Employment (`000s) 168 451 629.2 976.8 2637.5
Job creation rate (%) 0.161 0.171 0.171 0.174 0.177
%Δ(Establishments)  1.24 2.00 1.82 1.83 1.72
  
IPO-Variables  
# of IPOs 0 1.1 1.4 3 14.2
# of SEOs 0.3 1.2 1.4 1.8 10.2
IPO Proceeds ($ m) 0 22.5 69 204.6 1656.4
SEO Proceeds ($ m) 52 110.3 139.5 132.8 960.4
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Table II: The effect of IPOs on income per capita growth (extensive margin; OLS regressions) 
The dependent variable in all regressions is per capita income growth (Ln(PCIt/PCIt-1)). The independent variables of interest in the 
regression in column (1) are two dummy variables indicating if the MSA had at least one IPO in the last year (IPOs>0 - Lag1) and 
whether the MSA had at least one IPO two years ago (IPOs>0 – Lag2) respectively. In columns (2)-(5), IPO Proceeds High is a dummy 
variable indicating if the MSA belongs in the top quartile of the yearly distribution of proceeds from IPOs across all MSAs. In column (3) 
we exclude all MSA-year observations that had zero IPO activity. In column (4) we include only MSA-years with either no IPOs or high 
IPO activity (IPO Proceeds High=1). In column (5) we exclude from our sample MSAs that had no IPO activity throughout the whole 
sample period. All panel variables are at the MSA-year level. In all regressions we control for MSA characteristics such as population, the 
number of private firms, the number of people employed and the number of public firms. All regressions include MSA fixed effects and 
year fixed effects. We cluster at the MSA and year level and report standard errors in parentheses. Significance at the 1%, 5%, and 10% is 
indicated respectively with *** (p<0.01), ** (p<0.05), and * (p<0.10). 

 

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

   Excludes no-IPO Excludes moderate Excludes MSAs that 
   MSA-years IPO activity MSA-years never had an IPO 

IPOs>0 - Lag 1 0.293***     
 (0.075)     
IPOs>0 - Lag 2 0.001     
 (0.061)     
IPO Proceeds Hight-1,t-2  0.351*** 0.236** 0.454** 0.321*** 
  (0.113) (0.114) (0.176) (0.104) 

Ln(Population)t -5.219*** -5.239*** -6.214*** -5.095*** -6.919*** 
 (1.319) (1.319) (2.229) (1.288) (1.292) 
Ln(Private firms)t -1.995*** -2.003*** -2.825*** -1.823*** -1.816*** 
 (0.557) (0.558) (0.937) (0.551) (0.586) 
Ln(Employment)t 5.783*** 5.826*** 8.625*** 5.363*** 6.928*** 
 (1.413) (1.413) (2.295) (1.341) (1.389) 
Ln(Public firms)t -0.012 0.005 0.205 -0.0302 0.0125 
 (0.085) (0.085) (0.247) (0.087) (0.095) 

Observations 11,346 11,346 1,911 10,036 8,525 
Adjusted R2 0.566 0.566 0.647 0.563 0.619 
MSA FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
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Table III: The effect of large IPOs on income per capita growth (intensive margin; OLS regressions) 
This table contains regressions of per capita income growth (Ln(PCIt/PCIt-1)). In columns (1), IPO Proceeds High is a dummy variable indicating if the 
MSA belongs in the top quartile of the yearly distribution of proceeds from IPOs across all MSAs. In columns (3) and (4), IPO Proceeds/Capita - High is a 
dummy variable indicating if the MSA belongs in the top quartile of per capita proceeds from IPOs (normalized by population). In columns (2) and (4) we 
exclude from our sample the top 20 MSAs (by population).  In column (5), SEO Proceeds High is a dummy variable indicating if the MSA belongs in the top 
quartile of the yearly distribution of proceeds from SEOs across all MSAs. All panel variables are in MSA-year. In all regressions we control for MSA 
characteristics such as population, the number of private firms, the number of people employed and the number of public firms. All regressions include 
MSA fixed effects and year fixed effects. We cluster at the MSA and year level and report standard errors in parentheses. Significance at the 1%, 5%, 
and 10% is indicated respectively with *** (p<0.01), ** (p<0.05), and * (p<0.10).  
 
 (1) (2) (3) (4) (5) 
IPO Proceeds Hight-1,t-2 0.351***    0.350*** 
 (0.113)    (0.113) 
IPO Proceeds Hight-1,t-2  0.493***    
(Excludes Top 20 MSAs)  (0.156)    

IPO Proceeds/Capita - Hight-1,t-2   0.228**   
   (0.092)   
IPO Proceeds/Capita - Hight-1,t-2    0.249**  
(Excludes Top 20 MSAs)    (0.093)  

SEO Proceeds Hight-1,t-2     0.0292 
     (0.130) 

Ln(Population)t -5.239*** -5.280*** -5.229*** -5.274*** -5.239*** 
 (1.319) (1.355) (1.316) (1.354) (1.319) 
Ln(Private firms)t -2.003*** -2.005*** -2.005*** -2.006*** -2.003*** 
 (0.558) (0.545) (0.558) (0.546) (0.558) 
Ln(Employment)t 5.826*** 5.811*** 5.826*** 5.818*** 5.826*** 
 (1.413) (1.426) (1.414) (1.429) (1.413) 
Ln(Public firms)t 0.005 0.002 0.003 -0.002 0.005 
 (0.085) (0.086) (0.086) (0.086) (0.086) 

Observations 11,346 10,695 11,346 10,695 11,346 
Adjusted R2 0.566 0.555 0.565 0.555 0.565 
MSA FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
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Table IV: Reverse Causality Test: Does income per capita predict IPO activity? 
The dependent variable in the first regression is the natural logarithm of IPO Proceeds. In the 
second regression, the dependent variable is per capita income growth. In both regressions we 
use the same set of independent variables: three lags of Ln(IPO Proceeds) and three lags of 
income growth (Ln(PCIt/PCIt-1)). In all regressions we also include lags of the following MSA 
characteristics: population, number of private firms, number of people employed, and number of 
public firms. We limit our sample to MSA-years with at least one IPO. All panel variables are in 
MSA-year. All regressions include MSA fixed effects and year fixed effects. We cluster at the 
MSA and year level and report standard errors in parentheses. Significance at the 1%, 5%, and 
10% is indicated respectively with *** (p<0.01), ** (p<0.05), and * (p<0.10). 
 (1) (2) 

 Ln(IPO Proceeds) t Income Growth t 

Ln(IPO Proceeds) t-1 0.010 0.057** 
 (0.021) (0.025) 

Ln(IPO Proceeds) t-2 -0.001 -0.017 
 (0.022) (0.022) 

Ln(IPO Proceeds) t-3 -0.006 0.004 
 (0.019) (0.026) 

Income Growth t-1 0.018 0.208*** 
 (0.020) (0.055) 

Income Growth t-2 0.024 0.052 
 (0.015) (0.035) 

Income Growth t-3 -0.021 -0.006 
 (0.019) (0.037) 

Ln(Population) t-1 1.119 1.556 
 (1.100) (2.022) 

Ln(Private firms) t-1 -0.330 -0.496 
 (0.515) (0.994) 

Ln(Employment) t-1 -0.295 -2.194 
 (1.345) (2.000) 

Ln(Public firms) t-1 0.184 0.219 
 (0.205) (0.306) 

Observations 1,833 1,833 
Adjusted R2 0.619 0.581 

Year FEs Yes Yes 
MSA FEs Yes Yes 
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Table V: Assessing covariate balance. This table illustrates standardized differences between MSAs that 
belong in the top quartile of IPO proceeds per capita versus the lower three quartiles for the matched 
sample. We match MSAs based on the first lags of the following covariates (in natural logs): income per 
capita, the lagged number of public and private firms, and also by MSA population and employment. In 
total there are 2052 observations, 942 observations are for the treated group (top quartile) and 1100 are 
for the control group (bottom three quartiles). For each MSA that belongs in the top quartile of the yearly 
distribution of IPO proceeds per capita, we keep MSAs with similar lagged characteristics and use only 
the matched sample for the OLS regressions. 

 
 Treated Untreated Difference Difference 

(standardized) 
p-value for 
difference 

Ln (Public Firms) 3.63 3.64 -0.01 -0.006 0.83 
Ln (PC Income) 3.20 3.20 -0.00 -0.000 0.99 
Ln (Private Firms) 4.41 4.47 -0.06 -0.035 0.25 
Ln (Employment) 6.24 6.32 -0.08 -0.043 0.16 
Ln (Population) 6.76 6.84 -0.08 -0.042 0.17 
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Table VI: The effect of large IPOs on income per capita growth (matched sample) 
The dependent variable in these regressions is per capita income growth (Ln(PCIt/PCIt-1)). The 
independent variable of interest (IPO Proceeds/Capita (tercile) High) indicates MSAs that belong in the 
top tercile of per capita proceeds from IPOs (proceeds normalized by population). In column (2), IPO 
Proceeds High is a dummy variable indicating if the MSA belongs in the top quartile of the yearly 
distribution of proceeds from IPOs across all MSAs. In column (3), SEO Proceeds High is a dummy 
variable indicating if the MSA belongs in the top quartile of the yearly distribution of proceeds from 
SEOs across all MSAs. All panel variables are in MSA-year. In the regressions we control for MSA 
characteristics such as population, the number of private firms, the number of people employed, and the 
number of public firms. In the regression we include MSA and year fixed effects. We cluster at the MSA 
and year level and report standard errors in parentheses. Significance at the 1%, 5%, and 10% is indicated 
respectively with *** (p<0.01), ** (p<0.05), and * (p<0.10). 
 
 (1) (2) (3) 

 Ln(PCIt/PCIt-1) Ln(PCIt/PCIt-1) Ln(PCIt/PCIt-1) 
IPO Proceeds/Capita (tercile) Hight-1,t-2 0.326***   
 (0.079)   
IPO Proceeds Hight-1,t-2  0.326** 0.332** 
  (0.140) (0.139) 
SEO Proceeds Hight-1,t-2   -0.158 
   (0.135) 
Ln(Population)t -8.450*** -8.428*** -8.403*** 
 (1.838) (1.849) (1.857) 
Ln(Private firms)t -2.684** -2.725** -2.752** 
 (1.160) (1.162) (1.154) 
Ln(Employment)t 11.44*** 11.45*** 11.47*** 
 (1.935) (1.955) (1.952) 
Ln(Public firms)t -0.319 -0.328 -0.320 
 (0.372) (0.365) (0.365) 

Observations 2,047 2,047 2,047 
Adjusted R2 0.670 0.669 0.669 
MSA FEs Yes Yes Yes 
Year FEs Yes Yes Yes 
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Table VII: The effect of IPOs on employment (OLS regressions) 
The dependent variable is employment growth Ln[Employment(t)/Employment(t-1)]. In column 1 we use 
the full sample, and in column 2 we limit the sample only to matched MSAs with similar characteristics 
(MSAs matched on population and the number of private and public firms). The independent variable of 
interest is an indicator variable for MSAs at the top quartile of the distribution of IPO proceeds per capita 
in the past two years (we use the top tercile of IPO proceeds for the sample in column 2). All panel 
variables are in MSA-year. In the regression we control for MSA characteristics such as population, the 
number of private firms and the number of public firms. We include MSA and year fixed effects. We 
cluster at the MSA and year level and report standard errors in parentheses. Significance at the 1%, 5%, 
and 10% is indicated respectively with *** (p<0.01), ** (p<0.05), and * (p<0.10). 
 

 (1) (2) 
 Employment Growth Employment Growth 
 (Full Sample) (Matched Sample) 

IPO Proceeds/Capita Hight-1,t-2 0.247*** 0.244** 
 (0.075) (0.103) 
   
Ln(Population)t -4.229*** -4.132*** 
 (0.709) (1.353) 
   
Ln(Private firms)t 1.144** 2.315** 
 (0.484) (0.882) 
   
Ln(Public firms)t 0.050 0.362 
 (0.093) (0.411) 

Observations 11,346 2,047 
Adjusted R2 0.456 0.497 

MSA FE Yes Yes 
Year FE Yes Yes 
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Table VIII: The effect of IPOs on per capita income - Interaction with employment growth. 
The dependent variable in all regressions is per capita income growth (Ln(PCIt/PCIt-1)). In Panel A, we 
use observations from the full sample and in Panel B we use data only for MSAs that we can find a good 
match on (MSAs matched on population and the number of private and public firms). In the first 
regression we present the coefficients of the interaction term between two dummy variables: a dummy 
variable for MSAs that experienced the highest IPO proceeds in that year (High IPO Proceeds) and a 
dummy variable for MSAs that experienced the highest increase in employment growth that year 
(Empl.Growth High). In the middle and right columns of Panel A, we split the sample based on quartiles 
of employment growth (over the past two years), and in Panel B we split the sample based on the median 
of MSA employment growth. The middle column provides estimates of the effect of IPO Proceeds High 
(MSAs at the top quartile of MSA proceeds in that year) on per capita income within MSAs with the 
highest employment growth (or High Empl. Growth MSAs). The last column provides estimates of the 
effect of IPO Proceeds High (MSAs at the top quartile of MSA proceeds in that year) on per capita 
income within MSAs with low employment growth (or Low Empl. Growth MSAs). All panel variables are 
in MSA-year. In all regressions we control for MSA characteristics such as population, the number of 
private firms, the number of people employed, and the number of public firms. All regressions include 
MSA and year fixed effects. We cluster at the MSA and year level and report standard errors in 
parentheses. Significance at the 1%, 5%, and 10% is indicated respectively with *** (p<0.01), ** 
(p<0.05), and * (p<0.10). 
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 (1) (2) (3) 

 Income Growth Income Growth Income Growth 

    

(Panel A: Full Sample)  High Empl 
Growth 
MSAs 

Low Empl 
Growth 
MSAs 

(Empl.Growth High)X(High IPO Proceeds) 0.0267   
 (0.202)   
(Empl.Growth High)t-1,t-2 1.523***   
 (0.115)   
High IPO Proceedst-1,t-2 0.328*** 0.331* 0.126 
 (0.118) (0.177) (0.292) 

Ln(Population)t -0.301 -0.0749 -0.726 
 (0.541) (0.830) (0.983) 
Ln(Private firms)t -1.488*** -1.533* -0.541 
 (0.507) (0.766) (0.633) 

Ln(Public firms)t -0.001 0.0440 -0.182 

 (0.081) (0.106) (0.184) 

Observations 10,980 2,736 2,715 
Adjusted R2 0.557 0.525 0.535 

MSA-Year FE Yes Yes Yes 

(Panel B: Matched Sample)    

(Empl.Growth High)X(High IPO Proceeds) -0.007   
 (0.202)   
(Empl.Growth High)t-1,t-2 1.027***   
 (0.175)   
IPO Proceeds/Capita (terciles) Hight-1,t-2 0.260** 0.324*** 0.145 
 (0.123) (0.0934) (0.114) 

Ln(Population)t -6.354*** -5.753* -4.636* 
 (1.922) (3.052) (2.439) 
Ln(Private firms)t -2.962** -2.377 -3.282*** 
 (1.116) (1.459) (1.042) 
Ln(Public firms)t -0.434 0.416 -1.200** 
 (0.384) (0.439) (0.494) 

Observations 1,993 971 963 
Adjusted  R2 0.657 0.478 0.690 

MSA-Year FE Yes Yes Yes 
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Table IX: The effect of IPOs on new establishments and job creation. 
The dependent variable in the left two columns is the growth in establishments between years t and t-1 
(Ln[Establishments(t)/Establishments(t-1)]). The dependent variable in columns three and four is Net Job 
Creation Rate and is equal to: the count of jobs created minus the jobs destroyed within the MSA in the 
last 12 months divided by the average employment between years t and t-1. In columns one and three we 
use the full sample for the regressions, and in columns two and four we use regressions based on a 
matched sample of MSAs (matching is based on population, employment, and the number of public and 
private firms). The independent variables of interest in all regressions are two dummy variables indicating 
if the MSA had at least one IPO in the last year (IPOs>0 - Lag1) and whether the MSA had at least one 
IPO two years ago (IPOs>0 – Lag2), respectively. All panel variables are in MSA-year. In all regressions 
we control for MSA characteristics such as population, the number of private firms, the number of people 
employed, and the number of public firms. All regressions include MSA fixed effects and year fixed 
effects. We cluster at the MSA and year level and report standard errors in parentheses. Significance at 
the 1%, 5%, and 10% is indicated respectively with *** (p<0.01), ** (p<0.05), and * (p<0.10). 

 
 (1) (2)  (3) (4) 

 (Establishment Growth)  (Net Job Creation Rate) 

 Full sample Matched sample  Full sample Matched sample 
      
IPOs>0 - Lag 1 0.148* 0.229*  0.198* 0.674*** 
 (0.074) (0.131)  (0.113) (0.228) 

IPOs>0 - Lag 2 0.111 0.261**  -0.044 0.054 
 (0.083) (0.0996)  (0.146) (0.260) 

Ln(Population)t -9.405*** -13.09***  -15.67*** -18.67*** 
 (2.219) (3.154)  (2.001) (4.132) 
Ln(Public firms)t -1.920*** -2.496**  -3.118*** -2.666 
 (0.392) (1.028)  (0.827) (2.239) 
Ln(Private firms)t 10.33*** 16.32***  15.71*** 20.90*** 
 (1.997) (3.385)  (2.750) (4.118) 
Ln(Employment)t -0.045 0.065  -0.170 -0.120 
 (0.0953) (0.286)  (0.175) (0.543) 

      
Observations 10,890 2,026  10,202 1,703 
Adjusted  R2 0.452 0.480  0.263 0.394 
MSA FE Yes Yes  Yes Yes 
Year FE  Yes Yes  Yes Yes 
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Table X: Average treatment effect on the treated (matching estimators) and matched sample OLS 
regressions of IPO activity on income growth.  
This sample consists only of MSA-years with exactly one or no IPOs. The dependent variable in all 
regressions is per capita income growth (Ln(PCIt/PCIt-1)). We match 876 MSAs that had one IPO to 
another MSA that had no IPOs in the same year based on the characteristics in Panel B. In Panel A, the 
estimator in row (1) is the Abadie and Imbens (2006) nearest-neighbor, bias-corrected, and 
heteroskedasticity consistent matching estimator for the average treatment effect on the treated (ATT). In 
row (2), we estimate the ATT using a matched sample regression using MSA and year fixed effects. The 
dependent variable is per capita income growth, and the independent variable of interest is a dummy 
variable that is equal to one if the MSA had exactly one IPO in that year and zero otherwise. In the 
regression we control for MSA characteristics such as population, the number of private firms, the 
number of people employed, and the number of public firms. All regressions include MSA fixed effects 
and year fixed effects. We cluster at the MSA and year level and report standard errors in parentheses. 
Significance at the 1%, 5%, and 10% is indicated respectively with *** (p<0.01), ** (p<0.05), and * 
(p<0.10).  
 

 
A: MSAs with Single IPOs vs Zero IPOs 
 

 
% Difference in per capita income growth  

(Single IPO vs Zero IPO) 
 
(1) Abadie-Imbens matching estimator 
(Avg. treatment effect on treated) 

    
     0.240*** 

(0.085) 

(2) Matched sample regression coefficient
 

     0.157*** 
(0.052) 

 
B: Covariate Balance 

 
Single-IPO  
MSA-year 

 
Zero-IPO  
MSA-year 

 
Standardized 
Difference  

 
Ln(Population)t 
 
Ln(Priv.Firms)t 
 
Ln(Employment)t 
 
Ln(Pub.Firms)t 
 
Ln(PCI)t-1 
 

 
6.25 

 
3.86 

 
5.69 

 
2.67 

 
3.05 

 
6.24 

 
3.83 

 
5.68 

 
2.62 

 
3.04 

 
0.006 

 
0.040 

 
0.013 

 
0.044 

 
0.028 
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Appendix: List of Counties with at least 20 public firms  

 
FIPS County Name State City 

04013 Maricopa County AZ PHOENIX-MESA, AZ 

06001 Alameda County CA OAKLAND, CA 

06037 Los Angeles County CA LOS ANGELES-LONG BEACH, CA 

06059 Orange County CA ORANGE COUNTY, CA 

06073 San Diego County CA SAN DIEGO, CA 

06075 San Francisco County CA SAN FRANCISCO, CA 

06081 San Mateo County CA SAN FRANCISCO, CA 

06085 Santa Clara County CA SAN JOSE, CA 

06111 Ventura County CA VENTURA, CA 

08005 Arapahoe County CO DENVER, CO 

08013 Boulder County CO BOULDER-LONGMONT, CO 

08031 Denver County CO DENVER, CO 

08059 Jefferson Count CO DENVER, CO 

09001 Fairfield Count CT NEW HAVEN-BRIDGEPORT-STAMFORD-WATERBURY-DANBU

09003 Hartford County CT HARTFORD, CT 

10003 New Castle County DE WILMINGTON-NEWARK, DE-MD 

11001 District of Columbia DC WASHINGTON, DC-MD-VA-WV 

12011 Broward County FL FORT LAUDERDALE, FL 

12031 Duval County FL JACKSONVILLE, FL 

12057 Hillsborough County FL TAMPA-ST. PETERSBURG-CLEARWATER, FL 

12086 Miami-Dade County FL MIAMI, FL 

12099 Palm Beach County FL WEST PALM BEACH-BOCA RATON, FL 

12103 Pinellas County FL TAMPA-ST. PETERSBURG-CLEARWATER, FL 

13121 Fulton County GA ATLANTA, GA 

17031 Cook County IL CHICAGO, IL 

17043 DuPage County IL CHICAGO, IL 

17097 Lake County IL CHICAGO, IL 

24031 Montgomery County MD WASHINGTON, DC-MD-VA-WV 

25013 Hampden County MA SPRINGFIELD, MA 

25017 Middlesex Count MA BOSTON-WORCESTER-LAWRENCE-LOWELL-BROCKTON, MA 

25025 Suffolk County MA BOSTON-WORCESTER-LAWRENCE-LOWELL-BROCKTON, MA 

25027 Worcester County MA BOSTON-WORCESTER-LAWRENCE-LOWELL-BROCKTON, MA 

26125 Oakland County MI DETROIT, MI 

27053 Hennepin County MN MINNEAPOLIS-ST. PAUL, MN-WI 

32003 Clark County NV LAS VEGAS, NV-AZ 

32031 Washoe County NV RENO, NV 

34003 Bergen County NJ BERGEN-PASSAIC, NJ 

34021 Mercer County NJ TRENTON, NJ 

34027 Morris County NJ NEWARK, NJ 

36059 Nassau County NY NASSAU-SUFFOLK, NY 

36061 New York County NY NEW YORK-NEWARK, NY-NJ-PA 

36103 Suffolk County NY NASSAU-SUFFOLK, NY 

36119 Westchester County NY NEW YORK-NEWARK, NY-NJ-PA 

37119 Mecklenburg County NC CHARLOTTE-GASTONIA-ROCK HILL, NC-SC 
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37183 Wake County NC RALEIGH-DURHAM-CHAPEL HILL, NC 

39035 Cuyahoga County OH CLEVELAND-LORAIN-ELYRIA, OH 

39049 Franklin County OH COLUMBUS, OH 

39061 Hamilton County OH CINCINNATI, OH-KY-IN 

40109 Oklahoma County OK OKLAHOMA CITY, OK 

40143 Tulsa County OK TULSA, OK 

42003 Allegheny Count PA PITTSBURGH, PA 

42029 Chester County PA PHILADELPHIA, PA-NJ 

42045 Delaware County PA PHILADELPHIA, PA-NJ 

42091 Montgomery County PA PHILADELPHIA, PA-NJ 

42101 Philadelphia County PA PHILADELPHIA, PA-NJ 

48113 Dallas County TX DALLAS, TX 

53033 King County WA SEATTLE-BELLEVUE-EVERETT, WA 

55079 Milwaukee County WI MILWAUKEE-WAUKESHA, WI 

 
 

 


