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Abstract

This paper offers some of the first empirical analysis on the impact of innovation
hubs on firm and local performance. The Silicon Valley innovation hub is frequently
cited as evidence for the success innovation hubs bring through spillover effects which
boost local economies. I exploit Microsoft’s 1979 relocation from Albuquerque, New
Mexico, to Bellevue, Washington, to analyze the effect of the Seattle innovation hub
on its local economy. Using a difference-in-difference approach with quasi-synthetic
controls, I find three main results. First, there is no strong evidence for Microsoft
triggering the development of a Seattle innovation hub. Second, to the extent to which
the Seattle Hub exists, it does not perform significantly better when looking at firm
and local performance. Finally, there is evidence that innovation hubs incur higher
rent that potentially constrains growth.
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1 Introduction

In March 2018, the Bureau of Economic Analysis released its first ever report quantifying

the value of the digital economy. The report estimates the digital economy’s average annual

growth rate at 5.6%, over triple the U.S. economy’s growth rate at 1.5%. The impact of

tech’s growing imprint is not limited to the digital space, but its influence is increasingly

seen in countywide and national initiatives. Jevons’ Complementarity Corollary suggests

that improvements in information technology and telecommunication, surprisingly, increases

the demand for facetime (Glaeser, 2011, p.37-38). This phenomenon lends well to the appeal

of innovation hubs, which are dense concentrations of successful firms and high skilled talent

in the technology sector. The dense concentration of innovation hubs facilitates knowledge

spillovers, contributing to rapid technological development. Given the perceived success of

innovation hubs through their contributions to local economic development, it is no surprise

that governments have attempted to either recreate their own innovation hubs or bid for

an anchoring firm in hopes of jump-starting an innovation hub. This is especially true for

economically underdeveloped geographic areas, which are caught in a poverty trap. Because

the area is poorly performing, it cannot achieve the conditions needed to encourage further

economic development. Moreover, the economic region is equally unattractive to star firms

that could potentially lift the local economy. The supply side solution is for local economies

to develop a talented labor force to attract star firms, whereas the demand side solution

is for local economies to create attractive operating conditions by providing incentives to

attract a star firm. This analysis focuses on the implications of the demand side solution.

On the national level, increasingly new efforts are seen to foster an innovation hub.

China’s Greater Bay Area project links Hong Kong to Mainland China in an effort to promote

innovation hub development in Southern China, while Russia’s Skolkovo Innovation Center

is developed as a concentrated area for research and innovation. On the county level, a 2012

New York Times study estimates that local governments spend up to $80B a year on private
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companies through cash and tax incentives. In fact, since 1990, there has been an increasing

trend in corporate incentives (See Figure 1).

Figure 1: Incentives as Percentage of Gross Business Taxes

This figure shows a time trend of growing corporate incentives relative to growth in corporate
taxes. Source: A New Panel Database on Business Incentives for Economic Development
Offered by State and Local Governments in the United States via W.E. Upjohn Institute for
Employment Research.

Local governments bid for a chance to win anchoring firms that could bring high paying

jobs, and with it, multiplier effects through additional consumption and expenditure. The

real prize that is bid on, however, is a path that could transform the local economy should

an innovation hub develop. Once this path is created, a local economy can rely on path

dependency for continued economic success. However, there is limited empirical evidence

for the benefits of such programs. Table 1 shows previous megadeals and their estimated

impact on job creation. The uncertainty around the positive components attributable to

innovation hubs leads to backlash over the opportunity cost of continued expenditure on
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these initiatives. More recently, the Amazon HQ2 bid continues to incite debate over the

transfer of government tax revenue to one of the world’s wealthiest corporations, resources

that could instead be spent on public infrastructure and other policy initiatives.

Table 1: Megadeals Worth Over $1 Billion

Recipient State Year Subsidy Value New Jobs Investment Amount

Alcoa NY 2007 $5.60B NA $600M
Boeing WA 2003 $3.20B NA NA
Nike OR 2012 $2.02B 500 $150M
Intel NM 2004 $2.00B NA NA
Cheniere Energy LA 2010 $1.69B 225 $6.5B
Royal Dutch Shell PA 2012 $1.65B NA NA
Chrysler MI 2020 $1.35B NA $1B
Nissan MS 2000 $1.25B 4000 $1.43B
Advanced Micro Devices NY 2006 $1.20B 1200 $3.2B
ThyssenKrupp AL 2007 $1.07B 2000 $5B
General Motors MI 2009 $1.01B 1200 $600-$800M

Megadeals are defined as corporate subsidy packages worth over $75M. Source: Good Jobs
First Corporate Research Project

Firms concentrated within innovation hubs benefit from Marshall-Arrow-Romer (MAR)

agglomeration externalities. MAR externalities apply to regions with an industry concentra-

tion, facilitating knowledge spillovers. Consequently, firms in innovation hubs, which have

high concentrations of firms in the technology sector, tend to perform higher on average

based on performance metrics such as productivity and innovation. This is also attributed

to attraction effects in which successful firms attract high skilled individuals with higher

productivity and returns to labor, thus creating a positive feedback loop that further at-

tracts firms seeking talent. For example, these high skilled individuals tend to have higher

paying jobs associated with higher disposable income which fuels the local economy. Addi-

tionally, this increased disposable income translates to the creation of low-skilled jobs and

tax revenue which supports public goods. Therefore, positive agglomeration externalities

are not exclusive to firms and those in the high skilled labor market but generate positive
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externalities for those in the low skilled labor market. Policy applications often focus on the

positive externalities of innovation hubs, often overlooking potential negative externalities

in the form of congestion costs. Both the potential positive and negative externalities of

innovation hubs should be considered in their valuation.

There is clear spatial variation in firm performance and economic activity across the

United States and even within states, leading to increasing national economic inequality.

Silicon Valley, in particular, yields tremendous economic prosperity, winning it a place as

the 18th largest GDP globally. This trend reflects multiple equilibrium, in which prosperous

geographic regions continue to become more successful, while the less economically developed

regions continue to fall further behind. Bloom and Van Reenen (2007) observe widespread

variation in firm performance in the United States and attribute some of the variations

in within country firm performance outcomes to firm management practices. A potential

reason for these spatial variations in management practice scores could be attributed to

agglomeration externalities, such as knowledge spillovers, that allow firms in agglomerations

to be better managed. Technology firms play an increasingly important role in the modern

economy because of their associated agglomeration externalities through R&D spillovers.

Technology spillovers are attributed to having a causal impact on gross social returns to R&D

that are at least twice as high as its private returns (Bloom et al., 2013). As the technology

sector takes center stage in driving modern economic development, it becomes increasingly

important to quantify the impact of innovation hubs, which are largely composed of the

high-tech sector. Moreover, innovation hubs are hypothesized to provide more than only the

economic advantages of a thick labor market, knowledge spillovers, and localized economies

of scale. Innovation hubs provide human capital externalities in the form of social networks.

Innovation hubs particularly attract a young, highly educated subgroup and benefit from

their cultural norms, distinguishing the area from other regions with predominantly low-

income and low-skilled workers. Regions without an innovation hub potentially lose out on

both economic multiplier effects and peer effects, such as altruistic decision making in the
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form of charity donations and crime, as well as better personal health and finance decisions.

This paper extends existing literature by providing empirical evidence to supplement

the discourse on perceived innovation hub success. While it is difficult to identify a sin-

gular event which triggered the development of our largest innovation hub, Silicon Valley,

Enrico Moretti’s The New Geography of Jobs identifies Microsoft’s relocation in 1979 from

Albuquerque, New Mexico, to Bellevue, Washington, as the seminal event triggering the

development of the Seattle innovation hub. This paper’s empirical strategy exploits this

event by using a difference in difference design with quasi-synthetic controls to quantify the

impact of innovation hubs on firm and local performance. I find three main results. First,

there is no strong evidence for Microsoft triggering the development of a Seattle innovation

hub. Second, to the extent to which the Seattle Hub exists, it does not perform significantly

better when looking at firm and local performance. Finally, there is evidence that innovation

hubs incur higher rent that potentially constrains growth.

2 Background

2.1 Bellevue, Washington’s Modest Beginnings

A firm’s relocation decision is motivated by internal factors (e.g. management), external

factors (e.g. labor market) and location factors (e.g. site) (Lloyd and Dicken, 1992) . To

support my analysis which uses Albuquerque (Bernalillo County) as a counterfactual to

Bellevue’s (King County’s) development, this paper provides evidence for parallel trends on

external factors such as the competitor landscape (industry and firm size composition) and

local economic conditions. Geographic boundaries for Bernalillo County and King County

can be found in Figure 2. In 1979, Bellevue, Washington, performed similar to Albuquerque,

New Mexico, on these metrics, suggesting that there was no external incentive for Microsoft

to move to Bellevue, and thus Microsoft’s relocation decision is assumed to be exogenous.
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Additionally, Washington is an income tax free state, but this could not have contributed to

the development of an innovation hub as one did not develop in the years prior to Microsoft’s

arrival, nor should this have been the deciding factor. As Moretti notes, there are cities closer

to Silicon Valley such as Las Vegas, Portland, and Phoenix that do not have income tax.

However, firm relocation can be more motivated by internal factors rather than external or

location factors (Van Dijk and Pellenbarg, 2000). It has been noted that Bill Gates had

family ties to Bellevue, which could have incentivized Microsoft’s relocation, but this should

neither be a strong predictor in a firm’s relocation decision making, nor should yield as a

strong predictor of a firm’s subsequent performance. I account for the implications of a

potentially endogenous relocation decision using synthetic controls.

Figure 2: Geographic Boundaries of King County, WA and Bernalillo County, NM

The geographic boundaries of the Seattle Innovation Hub are not formally defined, and thus,
this paper assumes that the geographic boundary for the hub is that of King County.
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2.2 Two American Cities, Worlds Apart

Before Microsoft, Seattle relied primarily on the aerospace sector with Boeing serving as

its major employer. While there were other Fortune 500 companies in Seattle prior to

Microsoft, they were not in the technology industry, and thus, do not have the same benefits

as a technology firm (see Table 2).

Table 2: Fortune 500 Companies with Headquarters in King County, Washington

Company Ranking (2018) Arrival Year IPO Year

Amazon 8 2007 1997
Costco 15 1983 1985
Microsoft 30 1979 1986
Starbucks 132 1971 1992
Paccar 155 1980 1971
Nordstrom 183 1901 1971
Expedia 295 1996 1999
Alaska Air Group 355 1981 1978
Weyerhaeuser 394 1900 Private
Expeditors International 408 1979 1984

This table shows the Fortune 500 companies headquartered in King County, as well as their
arrival year and IPO year, if applicable. Note that Alaska Air Group acquired Horizon Air,
which was founded in King County in 1981, in 1986.

In the 1970s, Boeing faced a series of layoffs, and with Seattle’s economy slumping, this

ultimately led to the Economist dubbing Seattle as the “City of Despair.” After 1979, the

year of Microsoft’s arrival to Bellevue, Washington, in King County, Seattle is perceived to

have undergone exponential economic growth. Both Microsoft and Amazon have conducted

studies estimating their impact on the local Seattle economy. In a 2010 study by Microsoft,

Microsoft estimated its total direct and indirect impact to be 267,611 jobs, or 8.4% of total

state employment. The company estimates its employment multiplier to be 4.4 in 1996 and

6.8 in 2008, as compared to Boeing, which remained at 4 since 2008. Most companies tend

to have a multiplier of between 2 to 4 (Microsoft, 2010). Amazon conducted a similar study

in 2018. The company estimates that it created 53,000 additional jobs and added a direct
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investment in the local economy of $38 billion (Amazon, 2018). The company estimates an

additional indirect effect through increasing personal income by $17 billion for non-Amazon

employees. The perceived impact of large tech firms in the Seattle innovation hub serves as a

precedent for the auction of Amazon’s HQ2 location, an arguably small initial investment for

the 50,000 additional jobs Amazon promises to bring, along with countless expected positive

externalities.

The implications of innovation hubs and its drivers have in fact permeated into the

sociopolitical realms due to the substantial stake anchoring companies have in a city’s pros-

perity. In King County, homelessness has more than doubled in the past 4 years, with over

70% of the homeless population living in Seattle. According to the Seattle government, Seat-

tle’s economic growth has led to economic disparities due to the influx of high wage jobs,

particularly in tech, that have resulted in skyrocketing house values, which have increased

by 67% over the past six years, and living costs. Seattle’s homelessness crisis is partially

attributed to these trends (Seattle.gov, n.d.). According to Svenja Gudell, chief economist

of Zillow, in 2017, the year over year home value growth in Seattle was 14.2%, almost double

that of the national rate (Terrazas, 2018). Consequently, the Seattle government initially

asked companies making over $20M in revenue to pay a tax of $500 per employee to fund

affordable housing. However, the tax was later reduced to $275 per head to appease its

incumbent companies. Given the discourse around both the impact of innovation hubs and

the role certain companies play in the local economy, it is necessary to provide empirical

evidence to inform speculation.

3 Literature Review

Agglomeration externalities are classified into Marshall-Arrow-Romer (MAR), Jacob, and

Porter externalities. Marshallian externalities suggest that localization economies provide

lower production costs due to the proximity of firms and suppliers, as well as facilitate knowl-
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edge diffusion, which encourages innovation and firm growth rate (Marshall, 1890). MAR

externalities are an extension of Marshallian externalities, proposing that local monopoly

power of firms in the same industry allow firm-to-firm dispersion of knowledge, as seen in

areas like Silicon Valley (Glaeser et al., 1992). Jacob externalities occur in a concentration

of firms in different industries (Jacobs, 1969). It is instead the clustering of individuals with

different backgrounds and expertise that encourages idea exchange which leads to increased

innovation and spillover effects. Porter externalities suggest that agglomeration externalities

are a result of local competition and geographical specialization that encourages firms to

become more innovative in order to survive in a competitive market (Porter, 1998). Given

this paper’s focus on the Seattle innovation hub, which is comprised of a high concentration

of technology firms, I focus on MAR externalities.

3.1 Agglomeration Benefits to Firm and Local Performance

Agglomeration is known to affect the types of firms in an area by impacting the number

of firms and the industry composition of firms within the agglomeration. Attraction effects

encourage firms to relocate to an area in order to capitalize on knowledge spillover effects

and reduced production costs (Glaeser et al., 2009). Agglomeration tends to lead to more

favorable industry composition, since larger regions are able to host certain sectors which

require a large regional market that otherwise would not be successful in smaller regions

(Klaesson and Larsson, 2009). Agglomeration is correlated with firm innovation propensity

(Feldman, 1999). According to the MAR hypothesis, local monopolies can benefit firm

productivity and increase wages (Fafchamps and Said, 2017). Agglomeration externalities are

positively associated with firm employment growth and the location of new establishments,

with the exclusion of the manufacturing sector (Gerking et al., 2006). Localization economies

are found to be positively associated with firm survival rates for service firms, but not

for manufacturing firms, providing evidence for variation of agglomeration effects on firm

performance based on industry (Basile et al., 2017). Positive correlation exists between
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agglomeration and firm startup rates (Aviad and Keil, 2013; Sternberg and Wennekers,

2005). Start-up rate is found to be a regionally dependent phenomenon subject to degree of

agglomeration (Aviad and Keil, 2013; Sternberg and Wennekers, 2005). Agglomeration and

economic growth are found to be self-reinforcing and contribute to each other’s propensity

(Martin and Ottaviano, 1999).

There is evidence for the effect of agglomeration on local performance. Local agglomera-

tion is estimated to increase the growth rate of per capita consumption by 10% (Fisher et al.,

2014). There is evidence for the Williamson hypothesis: agglomeration boosts GDP growth

only up to a certain threshold of economic development, with the critical level estimated to

be $10,000 USD (Brülhart and Sbergami, 2009). There is mixed evidence on the trade-off

between the rate of economic growth and the degree of agglomeration (Gardiner et al., 2010).

With a wealth of literature on potential benefits from agglomeration, recent literature has

shifted to exploring agglomeration costs.

3.2 Agglomeration Costs to Firm and Local Performance

Agglomeration diseconomies focus primarily on congestion costs, such as increased rents and

wages that raise production costs for firms, as well as increased pollution and diseases which

lower standards of living (Richardson, 1995). Given the rise of literature highlighting the

potential diseconomies due to agglomeration, the relationship between agglomeration and

overall economic performance becomes increasingly ambiguous. Especially since the extent

of agglomeration impacts are microeconomic in nature, van Oort et al. (2012) calls for more

emphasis on the effect of agglomeration on firm performance metrics such as productivity,

employment growth and firm survival. Another study finds that while agglomeration con-

tributes to employment growth in a region, its associated congestion costs can offset any

benefits (Saito and Wu, 2016). As newer research pivots toward considering firm perfor-

mance metrics as additional diseconomies rather than the traditional focus on higher rents,
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wages, and congestion effects, this paper seeks to investigate supplementary metrics of firm

performance alongside those classically studied. Greenstone et al. (2010) investigate the

extent to which an individual firm can impact regional incumbent firm performance, finding

that incumbent plants’ total factor productivity is 12% higher in winning counties than losing

counties, but this is associated with higher labor costs in winning counties that potentially

offset increases in profit from increased productivity.

This paper seeks to contribute to existing literature by analyzing the extent to which a

single firm can trigger an innovation hub and to provide empirical evidence for the impact

of innovation hubs on firm and local performance.

4 Data

I use annual county-level data for the states of Arizona, California, Colorado, New Mexico,

Oregon, and Washington from 1969 to 2018. Not all variables are available at each year

in this time span. I standardize all counties to the 2009 Federal Information Processing

Standard (FIPS) codes used by the United States Census Bureau. Summary statistics for

the outcome variables can be found in Table 3.

The County Business Patterns (CBP) dataset provides annual county-level data on total

mid-March employees, total annual payroll, total number of establishments, number of estab-

lishments by employment size class, and firm industry as defined by NAICS and SIC codes.

The CBP dataset used in this analysis is created by combining the 1974 to 1985 data from

historical CBP files retrieved from the National Archives with the 1986 to 2016 data from

the US Census Bureau. Industries were originally classified using SIC from the 1930s and

switched to NAICS in 1997. I use publicly available SIC to NAICS crosswalk files from the

NAICS Association to match these codes. To assign firm size, I use the Small Business Size

Standards as defined by the U.S. Small Business Administration, which uses employment
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Table 3: Summary Statistics (Non-Normalized)

Variable Mean Standard Deviation

Firm
Performance

Bernalillo
County

Synthetic
Controls

King
County

Bernalillo
County

Synthetic
Controls

King
County

Est 1.77 34.36 53.34 3.39 23.14 11.58
SEst 14.15 34.33 53.00 2.50 22.95 11.47
LEst 0.08 0.08 0.40 0.02 0.02 0.12
ManufEst 0.60 1.58 2.59 0.08 1.03 0.40
ServEst 5.53 13.91 21.24 1.55 10.38 8.06
Local
Performance

Bernalillo
County

Synthetic
Controls

King
County

Bernalillo
County

Synthetic
Controls

King
County

GDP 21.23 56.92 104.33 8.99 46.66 50.76
HPI 0.09 0.09 0.09 0.04 0.05 0.05
Patent 0.22 0.76 1.67 0.25 1.71 3.14
TanPay 5872.23 18400.00 38300.00 3091.01 17600.00 23800.00
Emp 212.56 542.83 859.86 49.42 384.76 209.62

This table shows summary statistics for Bernalillo County, the Synthetic Control group, and
King County across all ten firm and local performance outcome variables. These statistics
are prior to normalization and show a stark difference between King County and the control
groups, Bernalillo County and Synthetic Controls. Values are in thousands.

classes to determine firm size. Firms with less than 250 employees are classified as small

firms, and firms with greater than 250 employees are classified as large firms. This dataset

flagged certain observations for the outcome variables employment and establishment count

as binned variables to protect confidentiality. Those flagged only with upper bound values

are imputed with a value of 1.3 times the upper bound value, and those with lower and upper

bounds are assigned an average of the lower and upper bounds. This imputation process

could lead to potential over or underestimation of these outcome variables, and consequently,

measurement errors.

Several previous studies proxy innovation using patent data. Similarly, I use county-level

patent data from the United States Patent and Trademark Office patent data, using years

1976 to 2014. The county matched to each patent is based on the correspondent address.

I match zip codes to FIPS using the U.S. Census zip code to FIPS crosswalk file. There
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are limitations to using this dataset, including missing missing year and zip code data for

certain observations.

Woods and Poole Economics, Inc. has generously provided private county-level GDP data

from years 1969 to 2016. County-level GDP data is estimated by allocating state GDP in a

particular year to counties within the state based on the proportion of total state earnings

of employees originating in a particular county. All GDP data is establishment based and

deflated to 2009 dollars using the personal consumption expenditure price index.

The Federal Housing Finance Agency’s House Price Index (HPI) is a measure of the

movement of single-family house prices on the same properties using mortgage transactions

purchased or securitized by Fannie Mae or Freddie Mac. The publicly available data is

indexed to the year 1980. I use county-level HPI data as a measure for rent.

Microsoft and Amazon employment data is estimated using a variety of sources, including

self-reported numbers from the Microsoft Impact Study, Amazon publications, The Medium

articles, and The Seattle Times articles.

Initially, this study attempted to additionally analyze demographic data including pop-

ulation, college education, poverty, unemployment, and crime, but concluded that there was

insufficient historical data for analysis.

5 Empirical Strategy

The empirical strategies used are a simple difference-in-difference design and a difference-

in-difference design with equally weighted synthetic controls. This paper evaluates the relo-

cation of Microsoft as a natural experiment. In both models, I exploit Microsoft’s move in

1979 from Albuquerque, New Mexico, (Bernalillo County) to Bellevue, Washington, (King

County) to estimate the intervention effect of one firm and the impact of innovation hubs
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on firm and local performance outcomes. The addition of quasi-synthetic controls will allow

me to validate the robustness of the results from initially using only Bernalillo County as

my control. I will observe trends in firm and local performance outcome variables before

and after 1979 to estimate effects on the specified outcome variables and their growth over

time in the specified county. I expect to see a positive change in the growth rates in firm

and local performance outcome variables for King County after 1979.

5.1 Parallel Trends Identification Assumption

The empirical strategy is dependent on the identification assumption of parallel trends:

Bernalillo County has similar trends in the specified outcome variables as King County. The

parallel trends assumption further validates the exogeneity of Microsoft’s decision to move

from Albuquerque, New Mexico, to Seattle, Washington. Given that the growth rates of these

measures of firm and local performance outcomes, which are external factors motivating a

firm’s relocation decision, were relatively equivalent across both counties, this suggests that

there should not be any latent factor that would allow King County to outperform Bernalillo

County, nor does King County provide any particularly attractive profit-making incentive

for firms to move to the county. This consideration is further addressed with the inclusion

of additional control counties in my synthetic controls model.

Compared to standard difference-in-difference designs, which expect a trend break at

exactly the period when the intervention is introduced, I can anticipate the potential of not

seeing the same in this analysis. The results in Greenstone et al. (2010) suggest that a single

firm can improve the local economy, but they expect these effects to appear after a period

of time. Similarly, Microsoft moved to King County as a relatively small firm of only four

employees, so we should not expect an immediate shift in regional firm and local performance

outcome variables. Consequently, I can expect parallel trends for even a few years post 1979

because of potential delayed effects. I account for this possibility in the robustness check.
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5.2 Measuring the Impact of Innovation Hubs

ln yit = α0 + α1Hubi + α2Postt + α3(Hubi ∗ Postt) + εit (1)

In this equation, yit is a vector for several firm and local performance outcome variables,

including number of establishments, innovation as proxied by patent count, employment,

number of manufacturing establishments, number of services and technology establishments,

GDP, House Price Index (HPI), and total annual payroll. Taking the natural log of the

outcome variables allows me to estimate percent changes associated with the development

of the Seattle innovation hub rather than absolute changes. Additionally, I normalize each

county’s logged outcome variables to their values in year 1979, Microsoft’s arrival to King

County, to measure growth within each county over time except for HPI. The publicly

available data for HPI is normalized to the year 1980. For this variable, I take the log after

normalizing. This reversed process should not impact my results.

The normalization component is particularly important for disentangling the perceived

performance of innovation hubs from their actual performance relative to a valid counterfac-

tual. The stark difference between the absolute values and the normalized values across the

control and treatment counties for firm and local outcomes can be seen in Tables 3 and 4.

Hubi is an indicator variable equal to 1 if i is King County and equal to 0 if i is Bernalillo

County. Postit is an indicator equal to 1 if t is from year 1979 onwards and equal to 0 if

t is before year 1979, with year 1979 identifying the year of Microsoft’s relocation to King

County. i identifies if county is King County or Bernalillo County. t is a variable identifying

the year from 1969 to 2018. εit is the error term. The coefficient of interest is α3 on the

interaction term Postit ∗Hubi, which measures the impact of the Seattle innovation hub.

5.3 Synthetic Controls

ln yit = β0 + β1Hubi + β2Postt + β3(Hubi ∗ Postt) + εit (2)
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Table 4: Summary Statistics (Normalized)

Variable Mean Standard Deviation

Firm
Performance

Bernalillo
County

Synthetic
Controls

King
County

Bernalillo
County

Synthetic
Controls

King
County

ln(Est) 104.15 104.42 68.32 2.87 2.41 19.68
ln(SEst) 102.61 104.41 101.14 3.09 2.41 2.18
ln(LEst) 109.97 109.87 109.97 8.38 6.38 8.38
ln(ManufEst) 103.32 102.50 104.57 3.87 2.04 2.33
ln(ServEst) 107.30 108.16 107.83 4.43 4.34 4.22
Local
Performance

Bernalillo
County

Synthetic
Controls

King
County

Bernalillo
County

Synthetic
Controls

King
County

ln(GDP) 104.01 104.08 104.56 5.03 4.86 5.14
ln(HPI) 4.39 4.28 4.46 0.59 0.71 0.46
ln(Patent) 232.56 153.70 235.32 166.90 61.45 84.45
ln(TanPay) 107.82 107.72 107.83 5.05 4.87 4.93
ln(Emp) 103.13 102.91 103.22 2.85 2.09 2.27

This table shows summary statistics for Bernalillo County, the Synthetic Controls group, and
King County across all ten normalized firm and local performance outcome variables. Notice
that the values for the treatment group, King County, and that of the controls (Bernalillo
County and Synthetic Controls) are much closer.

Synthetic controls account for the potential endogeneity of Microsoft’s decision to relocate

from Bernalillo County to King County that potentially invalidates Bernalillo County as a

valid counterfactual, since there could be an unexplained or unidentifiable factor contribut-

ing to firm or local performance which influences Microsoft’s decision to relocate. This

method additionally accounts for the effect of uncommon shocks, such as if there was a new

megadeal in Bernalillo County, that would weaken Bernalillo County’s ability to serve as a

valid counterfactual.

A measure used to identify similarities between cities is city job mix, which reflects lo-

cal advantages, such as universities, and local demand for skilled labor. Using this metric,

I compared Seattle, Washington, with a series of candidate county matches, including the

expected choices of San Francisco, California; Austin, Texas; and Chicago, Illinois, along

with the less expected candidates of Atlanta, Georgia; Baltimore, Maryland; Boston, Mas-
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sachusetts; Minneapolis, Minnesota; and Philadelphia, Pennsylvania.

Ultimately, I identify the counties of Denver, Colorado (Denver County); Phoenix, Ari-

zona (Maricopa County); Portland, Oregon (Multnomah County); San Diego, California

(San Diego County); and Sacramento, California (San Diego County) as the synthetic con-

trols group for King County. These counties are chosen based on the degree to which they

meet the parallel trends assumption across the specified outcome variables. In addition to

validating parallel trends, I use Model 1 to run individual regressions for each county in the

synthetic controls set separately to verify consistency in their results. These results are simi-

lar to the Bernalillo outcomes as well as the combined control set, and thus, are not included

in this paper for brevity. Using these supplemental counties controls for level differences and

national trends that could potentially bias my outcome variables. Similar to Model 1, the

parameter of interest is the coefficient on the interaction term Postit ∗Hubi, α3. This model

weighs each of the 6 control counties equally in the composition of the No Hub group, or

when Hubi is equal to 0. In running this model, I cluster standard errors by county because

it is likely that observations within each county-specific dataset are correlated with each

other on county-level characteristics such as socioeconomic factors.

6 Results

In this section, I discuss the results of both the simple difference-in-difference model using

only Bernalillo County and the extended difference-in-difference model with synthetic con-

trols, which tests the robustness of my results when only using Bernalillo County as my

control. The estimated coefficients on the Post ∗ Hub variable for both regressions across

all specified outcome variables can be viewed on Table 5. The full regression outputs for

the Bernalillo County and synthetic controls models can be viewed on Tables A1 and A2

respectively.
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Table 5: Regression Outputs for Bernalillo County and Synthetic Controls

Variable HubPost R2 N

Firm
Performance

Bernalillo
County

Synthetic
Controls

Bernalillo
County

Synthetic
Controls

Bernalillo
County

Synthetic
Controls

ln(Est) 0.08 0.26 0.51 0.33 80.00 280.00
(1.35) (0.87)

ln(SEst) 0.09 0.02 0.70 0.34 80.00 280.00
(1.26) (0.84)

ln(LEst) -4.53 -2.38 0.36 0.22 80.00 280.00
(4.83) (3.12)

ln(ManufEst) -0.331 -0.72 0.42 0.13 77.00 269.00
(1.51) (1.71)

ln(ServEst) 0.01 0.66 0.45 0.36 79.00 276.00
(2.58) (0.93)

Local
Performance

Bernalillo
County

Synthetic
Controls

Bernalillo
County

Synthetic
Controls

Bernalillo
County

Synthetic
Controls

ln(GDP) -0.92*** 0.33 0.59 0.49 92.00 322.00
(0.00) (1.02)

ln(HPI) .38 0.23* 0.40 0.36 86.00 387.00
(0.35) (0.06)

ln(Patent) -116.91** -78.720 0.67 0.26 97.00 354.00
(34.53) (0.26)

ln(TanPay) -0.020 0.20 0.39 0.34 79.00 276.00
(3.47) (0.78)

ln(Emp) -0.482 -0.25 0.47 0.28 80.00 280.00
(1.29) (0.93)

***p < 0.01, **p < 0.05, *p < 0.1

This table shows regression outputs across all ten firm and local performance variables for
the Bernalillo County and the Synthetic Controls groups. Standard errors are clustered by
county.

6.1 The Effect of Microsoft

While the specified difference-in-difference model is anchored using the year 1979, Microsoft’s

relocation to King County, there is a potential for delayed effects when analyzing Microsoft’s

full impact. This paper addresses this potential delayed effect in the robustness check by

accounting for particularly significant years that high growth would be expected. Using the

standard difference-in-difference model focusing on year 1979, the results suggest that there
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is not strong evidence for Microsoft causing the development of the Seattle innovation hub.

Prior to Microsoft’s arrival, King County has parallel trends to Bernalillo County on the

specified outcome variables, and after Microsoft’s arrival in 1979, their trends are similar.

The regression results comparing King County to Bernalillo County show no significant

evidence for Microsoft causing an effect on King County overall. Additionally, when using

the synthetic controls model, we see similar results to the original comparison (See Table

5). If Microsoft did result in the development of the Seattle Innovation Hub, we should see

significant evidence for a trend break, let alone exceptional out-performance, in the outcome

variables for King County compared to its counterfactual. These results suggest that the

Seattle Innovation Hub, in fact, does not seem to exist by our current informal definition of

innovation hubs, which are, in broad terms, areas of super-normal economic success.

While deviating from the standard difference-in-difference design in which I should expect

a trend break at 1979, this result aligns with the expected effects from the Greenstone et al.

(2010) study, which suggests that a new firm will result in a lagged effect on the specified

outcome variables. Therefore, because I do not see immediate effects, these immediate result

does not provide evidence which invalidates the existing theory on the mechanism through

which agglomeration spillovers are achieved. Agglomeration theory suggests that over time,

an anchoring firm attracts high skilled labor and other successful firms to eventually develop

a hub. To investigate this potential outcome, an analysis on lagged effects is conducted in

the robustness check.

6.2 The Effect on Firm Performance Outcomes

To estimate innovation hub impact, I use the magnitude of firm performance outcome esti-

mates and their statistical significance. These results are predicated on the extent to which

there is a Seattle innovation hub. Surprisingly, both models do not provide strong evidence

for the positive impact of innovation hubs on the specified variables (see Figures 3 and 4).
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These results contrast those found in Glaeser et al. (2009), which suggest that attraction

effects encourage firms to relocate to capitalize on spillover effects. Moreover, one of the

hypothesized benefits of innovation hubs is that larger firms should be attracted to innovation

hubs because of the growing high skilled labor pool. Additionally, the presence of a high

skilled labor pool, which has higher disposable income, should encourage smaller firm survival

rate, and thus, innovation hubs should have a higher growth rate in the number of small

establishments. Both models suggest a negative, although not significant, effect of innovation

hubs on the number of large establishments and the number of manufacturing establishments.

This could potentially be caused by increased congestion costs in the form of rents and wages

that raise production costs for firms as evidenced in Richardson (1995). However, their

respective standard errors are greater than the estimated coefficients. We do see, however,

a small, but positive effect for the growth rate in small establishments, although this effect

is not significant and with standard errors greater than the estimated coefficients. We see

similar results for the remaining firm performance outcome variables. While this study does

not analyze wages as a production cost, the analysis provides evidence for higher rent in the

next section.

6.3 The Effect on Local Performance Outcomes

A common consideration for counties when offering incentives to retain a firm or to attract a

firm is the amount of jobs the company will provide. While not statistically significant, the

regression outputs of both models suggest that innovation hubs are associated with a slightly

negative effect on employment, while total annual payroll for innovation hubs is negative in

the Albuquerque model and positive in the synthetic controls model (See Figures 5 and 6).

Both of these estimates have standard deviations greater than the magnitude of the estimate.

This contrasts the estimates of the indirect effects of Microsoft and Amazon produced in their

respective self-conducted studies and what is expected by Gerking et al. (2006) in which

agglomeration externalities are positively associated with firm employment growth, with
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the exception of manufacturing. Both Amazon and Microsoft in their studies use the Input-

Output model and multipliers developed by the US Bureau of Economic Analysis to estimate

how industries and households in the economy are related. While Microsoft and Amazon

likely did have direct and indirect contributions to the Seattle economy, it is possible that

these benefits were mitigated by job and firm displacement.

Despite minimal impact on firm and local performance, innovation hubs continue to have

exceedingly high real estate prices. Through the synthetic controls model, the estimated

effect of innovation hubs on HPI is 0.23, which translates to 23% higher house prices in

innovation hubs. I find evidence at the 10% level for the synthetic controls model of increasing

rent values in innovation hubs through the HPI, which matches common expectations of

innovation hubs. This corresponds to the Saito and Wu (2016) study which suggests that

the associated congestion costs with agglomeration potentially offset any benefits. For the

simple difference-in-difference model with only Bernalillo County, I do not find the effect on

HPI to be significant. As another unexpected result, I find evidence at the 1% level that

innovation hubs are associated with a lower GDP by 92% through the Bernalillo County

model. Through the synthetic controls model, I do not find significant evidence for an effect

on GDP, and the magnitude is positive although with a large standard deviation. This

contrasts the results of Fisher et al. (2014) which estimates an increase of 10% to growth

rate of per capita consumption. However, this result lends credence for a suggested trade-off

between the rate of economic growth and the degree of agglomeration as found in Gardiner

et al. (2010).

I find evidence at the 5% level that innovation hubs are associate with a lower patent

count for the Bernalillo County model. For the synthetic control model, while the estimate

is not significant, the magnitude is also negative. Both estimates have standard deviations

less than the magnitude of the coefficient. These results deviate from those proposed in

Feldman (1999), which correlate agglomeration with firm innovation propensity. However,
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the results for patents should be cautiously received due to the limitations of the patent

data. Overall, the results for local economic performance suggest that the increase in real

estate prices potentially constrains economic growth in innovation hubs.

7 Discussion

In this section, I consider potential mechanisms driving the observed net results over the

specified time period. I then offer explanations for the departure from widely-perceived

expectations and discuss limitations to my analysis.

7.1 Firm Selection Effects

While the growth rates of number of establishments and employees do not show significant

evidence for differences between innovation hubs and their counterfactual, the composition

of firms and employees may be changing. Creative destruction incited by innovation hubs

should theoretically yield more productive firms, and firm selection effects could be con-

tributing to more successful, more productive firms replacing less successful, less productive

firms. For example, through competition, giants such as Microsoft, Amazon and Zillow.com

and their ability to push out smaller firms could be explain the resulting overall neutralized

performance for the innovation hub. Consequently, we might expect the technology sector

to push out firms in other sectors. Additionally, selection effects occur when firms are faced

with higher production costs due to increased wages and rent. This pushes out firms that

cannot generate enough revenue to offset its costs. In this case, this could be incumbent mom

and pop shops and otherwise less successful companies. This paper acknowledges that there

are a multitude of ways to characterize firm performance that may not be fully captured by

the definitions in this analysis.
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7.2 Congestion Effects

Associated congestion effects with agglomeration could be driving the lack of evidence for

out-performance as suggested by the results. For example, a rise in wages could be matched

with an even greater rise in house values which offsets any benefits to an increase in wages.

This phenomenon could be analyzed with the rise of additional wage data. Brülhart and

Sbergami (2009) suggest that there is a plateau in the benefits from agglomeration past

a specified level of economic development. Additional studies have suggested an ongoing

tradeoff between positive externalities and their congestion effects (Gardiner et al., 2010;

Saito and Wu, 2016). Because this analysis found a significant increase in house prices within

the innovation hub, the increase in house prices could be constraining economic growth in

the area.

7.3 Changing Urban, Suburban, and Rural Trends

Another explanation for the observed effects could be recent discoveries of changes in un-

derlying urban, rural and suburban economic trends from 1980 through the present. Public

opinion could be conflating the perceived success of innovation hubs, often located in dense

urban areas, through an unfair comparison to cities located in suburban or rural areas. In

fact, Zillow Research’s 2016 analysis finds a recent trend reversal in year-over-year (YoY)

growth in urban, suburban, and rural home values (Fuller, 2016). According to Zillow Re-

search, in 2016, the average urban home was 2% more expensive than the average suburban

home. From 2004 to 2008, urban, suburban and rural home value growth either closely

tracked each other, or suburban and rural home values outgrew urban home values. How-

ever, since 2012, urban home values began to greatly outpace its counterparts (See Figure

7).

Autor (forthcoming May 2019) highlights this changing and growing disparity in urban

and rural labor trends. A critical change in labor trends is that there continues to be con-
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Figure 7: US YoY Appreciation in Urban, Suburban and Rural House Value (1996-2016)

This figure shows a recent reversal in house value trends between urban, suburban and rural
homes. From 2004 until 2008, house values across all three distinctions closely matched,
and for a period, suburbs appreciated more than urban regions. Since 2012, however, urban
house values have continued to outgrow its suburban and rural counterparts. Source: (Fuller,
2016), via Zillow Research

centrated opportunity in superstar cities, but this prosperity is no longer widely distributed,

especially for low-skilled workers. In fact, Autor finds that the premium of cities for low-wage

and low-skilled workers is reversing over the past couple of decades. Moreover, there is a

change in the composition of available low, medium, and high-skilled occupations in urban

areas to mainly high and low-skilled occupations. This trend in job polarization remains
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disproportionately urban, with the urban wage premium for non-college workers essentially

disappearing. Mid-skill work is becoming as scarce in cities as they are in rural areas with

low-skill work taking its place.

In anticipating the future climate of cities for low-skilled workers, Autor suggests that

new work from digitization will also be increasingly polarized and urban. Furthermore, there

is a reversal of trends in intra-country geographic mobility from low-density to high-density

areas which reflects this trend in the loss of the urban premium. Net migration rate between

urban and rural areas in 2010 compared to 1970 is reversing and becoming relatively flat.

High-skilled workers are moving to cities and staying there, while low-skilled workers no

longer find benefits to staying in cities. This falling mobility between urban and rural areas

reflects a new reality that there could be no clear land of opportunity for low-skilled workers

in urban areas. Consequently, innovation hubs could be attracting high-skilled workers while

displacing low-skilled workers who can no longer sustain a life in these cities. Given that the

perceived benefits of innovation hubs depend on such indirect benefits beyond the high-skilled

workers, these trend reversals suggest that it could also be time to adapt our expectations

of innovation hubs.

7.4 Geographic Influence

Saiz (2010) finds that areas with inelastic housing supplies are constrained by their geography.

His model suggests that land-constrained metro areas should incur more expensive house

prices in addition to higher amenities and productivity. The treatment group in my analysis,

King County, is located in Puget Sound, an area surrounded by complex waterways. Thus,

King County can be considered land-constrained, and a driver of the higher house prices in

the Seattle innovation hub could potentially be attributed to its geographic constraints. In an

ideal analysis, the treatment group might contain innovation hubs in both land-constrained

and unconstrained geographies.
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7.5 Limitations

In evaluating my results, I acknowledge potential limitations. First, there lacks a formal

definition of innovation hubs. Innovation hubs are loosely defined as areas with a high

proportion of technology workers or technology firms. Moreover, the geographic border of

the Seattle innovation hub is not formally defined. The ambiguity makes a clear delineation

challenging and could lead to understating or overstating of hub size, and thus the impact,

of the Seattle innovation hub. If the size of the hub in this analysis is understated – that

is, the hub spans larger than King County, then my results would be conservative. Given

the constraints of available data to the county-level, I define the cities on a county-level

which would include the economic activity of areas within King County that are not part

of the Seattle innovation hub and potentially excluding areas that are considered part of

the Seattle innovation hub. An ideal analysis would have dataset with granular geographic

data to more accurately assess the extent of the Seattle innovation hub’s impact, as well as

a formal delineation of the Seattle innovation hub’s geographic bounds.

Limitations exist in identifying the geolocation of patents. While there is excellent re-

search being done to provide more accurate approximations of a patent’s creation location,

the data is currently incomplete. Because I assign patent count by correspondent addresses

provided by the USPTO due to a lack of inventor addresses, there could be measurement

error in estimating the impact of innovation hubs on patent count. The correspondent is not

necessarily the inventor, and similarly, the assignee is not necessarily the inventor. When

cross-checked with the Connecting Outcome Measures in Entrepreneurship, Technology, and

Science (COMETS) patent dataset, my patent count is overestimated. The COMETS data

is insufficient at the time of this analysis due to missing data for the specified counties and

time range.

Additionally, the difference-in-difference model used in this analysis does not adhere

closely to the standard trend break expected at the period of intervention. This would
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pose a concern if significant results were seen at a delayed period post 1979 as the trend

breaks could not necessarily be attributed to Microsoft’s arrival. Instead, it could have been

the result of another intervention that occurred during the period which the trend break

occurred.

8 Robustness Checks

As found in Greenstone et al. (2010), it could be that firms do not create immediate

impacts on their local economy, and spillover effects accumulate over time. I account for a

potential delayed effect of Microsoft on the local Seattle economy. I run additional analyses

using county and year fixed effects for the years 1986, the year of Microsoft’s Initial Public

Offering (IPO), and 2007, Amazon’s arrival to Seattle. While other relatively large companies

arrived prior to and after Microsoft, I choose these two companies as my focus because of

the specific connection between innovation hubs and technology companies. Moreover, these

years are chosen based on the increase in Microsoft and Amazon’s combined employment

levels in King County. Microsoft arrived in King County as a relatively small company, but

it is expected that by its 1986 IPO, Microsoft had a sizable foothold in the Seattle economy.

Additionally, Amazon already had its IPO before moving to Seattle, and so was likely already

an established company. It is assumed that those employed by the two companies in Seattle

are primarily high skilled labor. One of the reasons anchoring firms are valued is due to their

ability to attract other successful firms that seek to capitalize on the high skilled labor pool.

This suggests that the effects, if any, should become more apparent over time. Combined

Microsoft and Amazon employment levels in King County can be found in Figure 8.
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Figure 8: Combined Microsoft and Amazon Employment in King County from 1979 to 2018

This figure shows estimated Microsoft and Amazon total employment in King County. Notice
that two periods mark sizable increases in total employment: Microsoft’s IPO in 1986 and
Amazon’s arrival in 2007. Data comes from a variety of sources, including reports from
Microsoft and Amazon, as well as various news articles such as The Seattle Times.

8.1 Delayed Effects

ln yit = β0 + β1(Hubi ∗ Postt) + δi + λt + εit (3)

In this equation, yit is again a vector for firm and local performance variables. Hubi remains

an indicator variable equal to 1 if i is King County and equal to 0 otherwise. i identifies

if county is King County or Bernalillo County. t is a variable identifying the year from

1970 to 2018. Similar to the initial model, Postt is an indicator variable equal to 1 if t is

from year 1979 onwards and equal to 0 otherwise. However, in this model, to account for

delayed effects, I evaluate Postt across a set of three years: 1979, 1986, and 2007. The

δi represents county fixed effects and the λt represents year fixed effects. The county-fixed
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effects control for variations in observed and unobserved county characteristics that could

affect the outcome variables. The year-fixed effects control for variations in the outcome

variable over time that cannot be attributed to my explanatory variables. These reflect a

set of county and year dummy variables multiplied by their respective regression coefficients.

εit is the error term. The coefficient of interest is β1 on the interaction term Postt ∗Hubi,

which denotes the impact of the Seattle innovation hub.

Table 6: Regression Output for Delayed Effects Model

HubPost R2 N

Firm Performance 1979 1986 2007 1979 1986 2007 1979 1986 2007

ln(Est) 0.35 0.44 0.06 0.92 0.92 0.92 280.00 280.00 280.00
(0.94) (0.72) (0.50)

ln(SEst) 0.45 0.50 0.09 0.93 0.93 0.93 280.00 280.00 280.00
(1.92) (0.70) (0.49)

ln(LEst) -2.211 -0.32 1.28 0.88 0.88 0.88 280.00 280.00 280.00
(3.41) (2.75) (1.69)

ln(ManufEst) -0.72 -1.00 -1.172 0.82 0.82 0.83 269.00 269.00 269.00
(1.87) (1.54) (0.72)

ln(ServEst) 0.70 0.81 0.51 0.96 0.96 0.960 276.00 276.00 276.00
(1.01) (0.80) (0.57)

Local Performance 1979 1986 2007 1979 1986 2007 1979 1986 2007

ln(GDP) 0.33 0.32 0.27 0.94 0.94 0.94 322.00 322.00 322.00
(1.11) (1.07) (0.68)

ln(HPI) 0.23* 0.27* 0.23* 0.95 0.96 0.96 387.00 387.00 387.00
(0.07) (0.08) (0.09)

ln(Patent) -36.68 -38.11 -26.17 0.89 0.89 0.89 347.00 347.00 347.00
(32.96) (30.35) (25.75)

ln(TanPay) 0.00 0.23 0.46 0.98 0.98 0.98 276.00 276.00 276.00
(0.86) (0.70) (0.40)

ln(Emp) -0.13 -0.08 0.00 0.90 0.90 0.90 280.00 280.00 280.00
(1.02) (0.82) (0.50)

***p < 0.01, **p < 0.05, *p < 0.1

This figure shows the coefficient on the HubPost variable across the key years of interest.
HPI remains significant across all three years. Standard errors are clustered by county.

Table 6 shows the regression results comparing the estimates across different years. The
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results suggest that the delayed effects model has higher predictive ability compared to the

standard difference-in-difference model with synthetic controls as reflected by its higher R2

value. However, this model has higher standard deviations across all firm and local per-

formance outcome variables compared to the standard difference in difference model with

synthetic controls. The model yields similar conclusions as previous models. There is not

enough evidence to support that Microsoft caused the Seattle innovation hub and that inno-

vation hubs perform better than comparable counties. However, the regression output shows

significant effects at the 10% level for innovation hubs on HPI for all three years 1979, 1986

and 2007. These results suggest that while innovation hubs do not show significant benefits

to firm and local outcome variables, the areas are still affected by high rent.

9 Conclusion

This analysis uses a simple difference-in-difference design and a difference-in-difference design

with quasi-synthetic controls to determine the impact of one firm on its local economy and

quantify the impact of innovation hubs on firm and local performance. Using the base

comparison model of Bernalillo County with King County, the results suggest that innovation

hubs result in a 92% decrease in GDP in its local economy. Running the same model with

synthetic controls, this effect is no longer significant, but I continue to find a significant

effect on HPI, with the synthetic controls model finding that innovation hubs are associated

with a 23% increase in home values. Overall, the results do not suggest that a county

can buy an innovation hub, and to the extent to which the Seattle hub exists, innovation

hubs in general do not perform better than their counterfactual, contrary to expectations

in media. The emphasis on additional firm performance outcome variables fills a gap in the

existing literature which often focuses on firm productivity as a primary outcome variable.

These findings are consistent with more recent literature on the ambiguities around benefits

of agglomeration due to their associated congestion costs and even the diminishing urban
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premium for specific subgroups.

The results from this analysis are particularly relevant to the unfolding aftermath of New

York and Virginia’s bid for Amazon HQ2. Uncertainties around the cost-benefit analysis of

innovation hubs are growing even before development begins. New York residents pushed

back against the local government for offering Amazon $3 billion in tax breaks in exchange for

only speculated benefits. Consequently, in February 2019, Amazon pulled out of the deal.

The company is still looking to develop a new headquarter in Virginia, and this paper’s

analysis suggests that Virginia will see little benefit to its local economy in exchange for

significant increases in real estate prices alongside the initial and ongoing investment costs

in the form of corporate incentives. With technology firms gaining greater ground in the

political economy, this analysis will help inform policymakers in economic planning when

welcoming a new technology firm, designing initiatives to introduce an innovation hub, and

navigating the expanding technology ecosystem.

In considering innovation hubs such as San Francisco and Seattle, which face growing chal-

lenges of homelessness, we cannot conclusively attribute all of the driving forces of localized

homelessness specifically to the higher rent from innovation hubs specifically. Additionally,

when faced with rising congestion costs, it becomes natural to pinpoint large companies like

Microsoft as potential scapegoats. Because this analysis does not provide significant evi-

dence for Microsoft resulting in a Seattle innovation hub, and in consideration of the recent

reversal in urban and rural trends, it is incorrect to attribute the entire growth of house

prices to innovation hubs or a single firm in particular.

In future research, it would be interesting to perform a similar analysis through various

angles. First, through the labor lens, innovation hubs are long anticipated to not only benefit

the highly educated workers but also introduce spillover effects by creating job opportunities

for low-skilled workers. With better data, it would be interesting to estimate the innovation

hub premium for different strata of education, race, gender and income levels. Second, in
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urban planning, cities are well known for their congestion costs in the form of disease, crime

and traffic, and so measurement of these additional congestion costs would better inform

analysis of innovation hub impact. Finally, a granular analysis using firm-level data would

allow investigation of outcome variables, such as firm survival rates and startup rates, and

allow for a closer investigation into the mechanisms driving the net effect from this paper’s

analysis. For example, we would be able to validate the creative destruction theory of

incoming technology firms replacing less successful incumbent firms in different industries.

While agglomeration literature has focused on such angles, this paper’s findings suggest

that, empirically, innovation hub performance does not necessarily align with agglomeration

literature. Analyzing these aspects would provide a more comprehensive discourse on the

impact of innovation hubs in particular.

While innovations in technology have undoubtedly transformed society by improving

overall quality of life, the findings of this paper suggest that a more cognizant approach

should be taken when fully considering the impact of innovation hubs, and what benefits

and costs can actually be attributed to their presence. Contrary to initial expectations, the

results do not show a large deviation in innovation hub performance from its counterfactual.

Moreover, there is no significant evidence for Microsoft causing the Seattle innovation hub.

There could be over-dependence in state development programs on one company to lift

all tides, as well as a fallacious judgment of holding such companies responsible for the

outcomes of such programs. When offered attractive incentives, a firm will almost invariably

accept the offer. However, given the mismatch of outcomes with such sizable investments,

federal and local governments should more carefully evaluate the implications of investing

in an anchoring firm to develop an innovation hub over alternative economic development

programs.
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Appendix

Table A1: Full Regression Output for Bernalillo County, New Mexico

Firm Performance Post Hub HubPost R2 N

ln(Est) 5.88*** -0.18 0.08 0.51 80.00
(0.89) (1.29) (1.35)

ln(SEst) 5.86*** 3.04* 0.09 0.70 80.00
(0.83) (1.21) (1.26)

ln(LEst) 17.39*** 3.66 -4.53 0.36 80.00
(3.18) (4.61) (4.83)

ln(ManufEst) 4.15*** -1.86 -0.33 0.42 77.00
(0.99) (1.44) (1.51)

ln(ServEst) 9.94*** 0.05 0.01 0.45 79.00
(1.70) (2.47) (2.58)

Local Performance Post Hub HubPost R2 N

ln(GDP) 9.67*** 0.25*** -0.92*** 0.59 92.00
(0.00) (0.00) (0.00)

ln(HPI) 1.06*** -0.52 0.38 0.40 86.00
(0.25) (0.34) (0.35)

ln(Patent) 248.92*** 50.23 -116.91** 0.67 97.00
(30.27) (32.67) (34.53)

ln(TanPay) 11.484*** -0.65 -0.02 0.39 79.00
(2.04) (3.35) (3.47)

ln(Emp) 5.41*** -0.006 -0.482 0.47 80.00
(0.85) (1.23) (1.29)

***p < 0.01, **p < 0.05, *p < 0.1
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Table A2: Full Regression Output for Synthetic Controls

Firm Performance Post Hub HubPost R2 N

ln(Est) 5.70*** -0.04 0.26 0.33 280.00
(0.87) (0.15) (0.87)

ln(SEst) 5.93*** 1.71* 0.02 0.34 280.00
(0.84) (0.63) (0.84)

ln(LEst) 15.25*** 2.63*** -2.38 0.22 280.00
(3.12) (0.52) (3.12)

ln(ManufEst) 4.54* -0.20 -0.72 0.13 269.00
(1.71) (0.48) (1.71)

ln(ServEst) 9.28*** 0.14 0.66 0.36 276.00
(0.93) (0.15) (0.93)

Local Performance Post Hub HubPost R2 N

ln(GDP) 8.42*** -0.18 0.33 0.49 322.00
(1.02) (0.29) (1.02)

ln(HPI) 1.21*** -0.32** 0.23* 0.36 387.00
(0.06) (0.09) (0.06)

ln(Patent) 204.97* -9.00 -78.72 0.26 354.00
(59.83) (4.73) (59.83)

ln(TanPay) 11.27*** -0.56** 0.20 0.34 276.00
(0.78) (0.15) (0.78)

ln(Emp) 5.17** -0.06 0.25 0.28 280.00
(0.93) (0.15) (0.93)

***p < 0.01, **p < 0.05, *p < 0.1
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