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In this study, we seek to identify locations within the United 
States that are the most likely to experience new growth from 
the expansion of microchip manufacturing, and the community 
characteristics that may influence plant location decisions. 

Abstract
This study identifies the roughly 1.5 percent of counties in the United States that are 

most likely to host a new semiconductor plant in the coming years. Combined with the 
roughly 1.3 percent of counties that currently host a semiconductor plant, we identify 
83 counties in which new plant locations are most likely. This is performed through the 
application of Probit and Poisson model estimates of current plant locations. We compare 
our results to new proposed plants reported to the Semiconductor Industry Association, 
and report that of those 20, our model predicts 18 of the proposed locations. Thus, we 
think this model is useful to policymakers when considering the role the public sec-
tor should take in the semiconductor industry. Among the more important variables in 
explaining the expansion of the semiconductor industry are the educational attainment 
of the workforce (BA or higher), the share of residents in graduate school, population 
growth, and high unexplained productivity (generalized agglomerations). 
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Introduction
Following the passage of the Creating Helpful Incentives to Produce 

Semiconductors (CHIPS) Act, there is widespread enthusiasm regard-
ing the possibility of increased manufacturing of semiconductors in 
the United States. Though the U.S. currently manufactures a large 
share of the world’s microconductors (microchips), recent wide-
spread supply disruptions caused significant production delays in 
automobiles, appliances and consumer electronics. 

The CHIPS Act of 2022 provides substantial funding and 
incentives for semiconductor and related firms to locate, upgrade, 
and expand within the United States. The Act provides $52.7 bil-
lion in emergency supplemental appropriations. The largest share, 
$50.0 billion over five years, is used to establish a CHIPS for 
America Fund to provide funding for provisions authorized in the 
FY2021 National Defense Authorization Act. These provisions 
required the development of domestic semiconductor manu-
facturing capability, research and development, and workforce 
training programs. The largest share, $39 billion, is allocated to 
legacy chip production, which is essential to the military, automo-
tive, and other industries. The Act prohibits recipients of these 
funds from expanding or building new advanced semiconduc-
tor manufacturing capacity in counties that present a national 
security threat to the U.S. The Act also authorizes an investment 
tax credit for investments in semiconductor manufacturing and 
the manufacturing of specialized tooling equipment required in 
the process. The Act also provides funding to establish the National 
Semiconductor Technology Center, the National Advanced Packag-
ing Manufacturing Program, the CHIPS for America Defense 
Fund, the CHIPS for America International Technology Security 
and Innovation Fund and the CHIPS for America Workforce and 
Education Fund. 

Thus, it seems likely that the U.S. will experience some expansion 
in its production of semiconductors. Where that production will 
occur is of substantial policy interest across much of the nation. In 
this study, we seek to identify the geographies most likely to experi-
ence expansion of semiconductor chip production in the coming 
years. This approach is useful because site likelihood is based on the 
current labor market and industrial conditions. 

Existing Research
There is a very large body of research on firm location decisions. 

Manufacturing and high-technology firms are especially prone 
to these types of studies. That work is too extensive to review in 
detail, but location is highly dependent upon labor force charac-
teristics and the availability inputs (raw materials) needed for the 
production process. Bolter and Robey (2020) point out that the 
most important determinants of a new firm location (especially 
for R&D intensive firms) is the ability to share a labor pool, 
the availability of workers with specialized knowledge, and the 
availability of inputs. Work on the semiconductor industry has 
focused on these factors, in a spare set of studies. 

Arita and McCann (2000) focus their analysis on firm interac-
tions, using proximity measures. This fits the data well, given 
that the semiconductor industry is very spatially concentrated, 
which suggests that agglomeration economies and human capital 
are crucial for firm location decisions. Agglomeration economies 
refer to the economic forces that cause firms to locate near each 
other. This clustering allows firms to share intermediate inputs, 
infrastructure, and facilities; share a labor pool; improve matches 
between workers and firms; and benefit from knowledge spill-
overs, all of which reduce the costs of production and lead to 
innovation. Forces acting on firms in a single industry are called 
localization economics because they are “local” to a particular 
industry, while forces that cross industry boundaries are called 
urbanization economics, where the presence of firms in one 
industry attract firms in other industries. O’Sullivan (2012) and 
Bolter and Robey (2020) offer more detailed descriptions.

Kowalski (2012) examined firm location decisions as a conse-
quence of changing technological demands of the industry. This 
dissertation identified linkages between new technology (frontier 
technology) and proximity to existing firms as determinative of the 
new plant location decision. This led to regional specialization and 
spillovers that are also evidence of the important role of agglomera-
tion. This too, is a clearly human capital-specific explanation. 

An international study of the industry tested the level and 
share of foreign investment, national and firm-level productiv-
ity capacity and experience in the industry, political hazards, and 
technological capacity of the firm (Henisz & Macher, 2004). The 
authors find that the higher technology segment of this industry 
focused on international locations with high-tech sophistica-
tion and low levels of political hazards. These are, again, human 
capital-based explanations. 

Irwin and Klenow (1994) identify local spillovers as a key 
component to geographic location of firms. However, own firm 
experience is much larger than inter-firm spillovers. This is again 
a human capital-focused inquiry that appears to explain the 
concentration of establishments near others in the same industry 
today (almost three decades after publication). 

It seems likely that the 
U.S. will experience some 

expansion in its production 
of semiconductors.
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Studies of industrial location have focused on a number of 
factors, but human capital and agglomerations play the lead-
ing role. Arauzo-Carod, Liviano-Solis, and Manjón-Antolín 
(2010) provide a detailed review of the literature. Mellander and 
Florida (2021) provide a textbook analysis, while Arora, Florida, 
Gates, and Kamlet (2008) interact human capital and place 
characteristics in regional location decisions. Arauzo-Carod and 
Viladecans-Marsal (2009) compare the different explanations 
for agglomerations, reporting that labor market pooling (shared 
occupations), input commonalities, and knowledge spillovers play 
dominant roles in agglomerations. 

These models all deploy variables that measure agglomerations 
(city size, density, and population growth), industry concen-
tration, some measures of neighborhood quality of life, and 
importantly firm productivity. Human capital, from institutions 
(universities), graduate share of population, immigrant share, and 
share of students in school are also common variables. 

We are interested in the individual factors that contribute to 
the location of semiconductor establishments. However, this work 
is challenged by decomposing the various effects. For example, 
agglomerations and human capital measures are often similar, and 
so measure the same thing. Differentiating between the two is not 
readily possible using some familiar measures. 

For the purposes of this study, we are interested in predictors 
and predictions, rather than clean theoretical explanations of the 
casual factors of semiconductor establishment location decisions. 
That motivates our approach. 

One consideration we do not fully follow is the description of a 
firm’s demand for inputs to produce semiconductors. Transporta-
tion costs for most semiconductor inputs are a trivial share of the 
value-added production. Many business location consultants place 
significant weight on the direct input considerations, such as silica 
or water. The current distribution of facilities suggests that these 
are, at best, tertiary concerns; there are clusters far away from these 
inputs. It seems most likely that human capital considerations 
outweigh these concerns for most production activities. 

Thus, our modeling approach is based on the major variability of 
inputs, assuming that capital is highly mobile and labor is far less 
so—the most common assumption in firm location modeling. 

Our Modeling Approach
We seek to model the likelihood that a semiconductor producer 

will locate in a particular county. We also report MSAs because they 
share common labor market and supply chain conditions. 

We combine data from the Semiconductor Industry Associa-
tion, other private sources, the U.S. Census Bureau, the Bureau 
of Economic Analysis, and secondary studies to model the entry 
decision of semiconductor manufacturing firms. A formal expo-
sition is available in Appendix A. 

We model the relationship between existing firms in two ways. 
The first is simply:

P[Z] = f(L,X,H)                  (1)
Where the probability P[Z] of a semiconductor manufacturing 

plant Z locating in any of the 3,144 US counties is a function of 
labor market conditions L, supply chain elements X, and human 
capital conditions H.[1] 

Our second modeling approach takes advantage of the deep 
clustering that appears in this industry, so we model the expected 
number of plants in any of the 3,144 counties as:

E[Z] = f(L,X,H)                  (2)
Where the expected number of semiconductor manufacturing 

plant Z locating in any of the 3,144 US counties is a function of 
labor market conditions L, supply chain elements X, and human 
capital conditions H.[2] 

These two modeling techniques are common economet-
ric methods used in analyzing firm location decisions. In our 
approach, we wish to identify which counties in the U.S. are most 
likely to see the location of a semiconductor production facility, 
based upon current characteristics. To do that, we first estimate 
both models using data described in Appendix A. 

These results allow us to evaluate which variables are most 
highly correlated with the current presence of semiconductor pro-
duction facilities. This is our Equation 1. In the following section 
we review those variables, outlining those that are most predictive 
and meet traditional levels of statistical significance. 

One caveat to this approach is that we are using recent data, so 
we know only the current characteristics of these plant locations, 
not the original characteristics when they first opened. However, 
this concern is not especially important because firms likely value 
these attributes more heavily today. 

We also evaluate the expected number of plants in each county. 
This is our Equation 2. Because these plants entered at different times, 
this model largely alleviates concern that conditions around local 
plants are random or developed subsequent to the firm’s entrance. 

1. This is formally a Probit model, in which probability of Z = 1 is conditioned upon these three sets of variables. 

2. This is formally a Poisson model, in which the expected value of Z is conditioned upon these three sets of variables. 



© Center for Business and Economic Research  |  4  |  Ball State University  |  bsu.edu/cber

We then use these predictive models to identify which counties 
have the highest probability of seeing an entrance of one or more 
semiconductor production facilities. We rank them into three 
tiers of metropolitan areas based on the likelihood of a new facil-
ity being opened in these areas. This model should be interpreted 
as predictive of nearby locations as well. So, counties within the 
larger labor market (community zones or consolidated MSAs) are 
also likely recipients of microchip plants.

For those interested readers, the technical details of our model-
ing are included in Appendix A. Next we discuss the results of our 
estimates, specifically the variables that matter to firm location. 

Results 
We estimated the two models; one examines the presence of 

a semiconductor manufacturing establishment, and the second 
examines the number of semiconductor manufacturing establish-
ments. The purpose of these models is both to identify regional 
characteristics that would draw these firms to the region and to 
measure the relative effect of these variables on location decisions. 
We refer to this as the marginal effect. 

In Table 1, we report the 22 variables used to estimate the 
models. The statistical significance of each is marked as positive 
(+), negative (-), or not significant (0). A positive result indicates 
that a higher number increases the probability of a semiconductor 
firm locating in a county (Equation 1) or a higher expected num-
ber of semiconductor manufacturing establishments in a county 
(Equation 2). A negative result indicates that a higher value of the 
variable decreases the probability of a plant location (Equation 1) 
or a lower expected number of establishments. Variables that are 
not statistically significant (denoted as 0) have no bearing on the 
location decision of the semiconductor manufacturing establish-
ment. So, these are denoted as +, –, or 0 in Table 1. 

The marginal effects are derived from Equation 2, and yield the 
size of the effect. This is important because an effect can be large 
in magnitude but not statistically significant to acceptable levels, 
which would warrant policy consideration. In contrast, a variable 
could be highly statistically significant but not have a large effect, 
which would suggest it is not worthy of policy consideration. We 
discuss these next. 

Of the 22 variables of interest in Table 1, nine are statistically 
significant at traditional levels. However, of these, three are not of 
the magnitude to be discussed. Two other variables were just out-
side the traditional levels of statistical significance, but had large 
enough effects that they were worth considering in the discussion 
of the location decision of semiconductor firms. We discuss that 
matter in the following paragraphs. 

Bigger places tend to be more attractive to semiconductor 
manufacturing establishments, but it is not a linear relationship. 
Very large counties are not at a particular advantage compared to 
large (metropolitan) counties. We note here that no non-metro 
counties host a semiconductor plant within our sample.[3] 

We find that industry concentration within a county is nega-
tively correlated with semiconductor establishment location, but 
it is a very modest effect. Likewise, commuting distance is stati-
cally significant, but not a large influence on location decision. 

We find that being a Right-to-Work state very slightly increases 
the probability of a semiconductor firm locating in that state, 
but not the growth of the industry. The housing vacancy rate is a 
negative factor in semiconductor firm location decisions. As the 
vacancy rate in a county increases, semiconductors firms are less 
likely to locate there and the number of semiconductor firms is 
likely to be lower. This measure is correlated with quality of life 
measures (e.g. blight) and broad geographies (e.g. the Rustbelt). 

Table 1. Model Results For Semiconductor Plant 
Locations

Variable Equation 1 
(Probit Model)

Equation 2 
(Poisson Model)

Marginal 
Effects (Eq. 2)

Intercept 0 0 0

Population + + 7.26E-07

Population Squared - - -4.15E-14

Employment To 
Population Ratio - 0 0

Pop. Change 2010-2019 + 0 0

Industry Herfindahl Index - - 9.44E-06

Population Density - - -2.45E-05

Median Age Of Population 0 0 0

Average Wage Per Job 0 0 0

Immigrant Share  
Of Population 0 0 0

Commuting Distance 2010 0 - -0.002164

Manufacturing Share  
Of Employment 0 0 0

Government Share  
Of Employment 0 0 0

Growth Model (Residual) + + 0.01928

Quality Of Life 0 0 0

Right-To-Work State - 0 0

Household Vacancy Rate - - -0.1302

Years Of Potential Life Lost 0 0 0

Bachelor Degree Share, 
Age >25 + + 0.000337

Undergraduate Student 
Share Of Population 0 0 0

Graduate Student Share 
Of Population 0 + 0.812546

Research University 0 0 0

3. Data limitations prevented us from including three counties (one in Indiana, two in Virginia) in this analysis.
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Beyond the size of a county, higher than expected regional 
productivity resulted in much higher probability of a firm location 
decision. This measure is derived from forthcoming research (Wein-
stein, Hicks, & Wornell, 2022) that estimates the value of goods 
produced per worker in a county, controlling for industry capital 
and human capital differences. This is likely a measure of higher 
human capital not directly captured by educational attainment. 

We think the uncaptured human capital dimension is likely 
the explanation for this variable because measures of educational 
attainment and the graduate student share of the population are 
significant. Similarly, the presence of a research university are also 
not statistically significant, but do have a large coefficient. 

Indeed, the largest influence variables across both models are 
size of a city and the educational or human capital measures. We 
note that the graduate student share of the population is enor-
mously influential, suggesting important linkages across research 
universities and semiconductor manufacturing establishments. 

Importantly, as our discussion of agglomerations suggest, places 
where a semiconductor firm has already located are the most likely 
location for a new firm or expansion. Current locations are mapped 
in Figure 1. Those locations are not included in our list, as they are 
clearly the places most likely to see new firms. 

From our empirical results, we can also identify which places are 
most likely to host a new semiconductor manufacturing firm. From 
among the 3,144 counties in the U.S., we have identified the 50 
MSAs most likely to host any new semiconductor manufacturing 
establishments. We have further divided these into three tiers; the 
map in Figure 2 displays the location and tier of these counties. 

Tier 1 locations have either two or more counties appearing in 
the top 50 counties nationwide or have appeared in both Model 
1 and Model 2 within the top 25 locations. Table 2 lists the Tier 1 
locations—23 counties in 13 MSAs. 

Tier 1 locations are the most likely places to be selected for new 
semiconductor manufacturing facilities. These locations all pos-
sess sufficiently large numbers of available workers and are large 
metropolitan areas with multiple suitable counties or at least one 
very suitable county for expansion. 

Table 2. New Semiconductor Plant Locations:  
Tier 1 Counties (Highly Likely)

Metropolitan Statistical Area Tier 1 Counties

Boulder Boulder County, CO

Chicago DuPage County, Will County,  
Lake County, IL

Columbus Delaware County,  
Franklin County, OH

Dallas-Fort Worth-Arlington Tarrant County, Denton County, 
Collin County, TX

Denver-Aurora-Lakewood Douglas County, CO

Detroit-Warren-Dearborn Oakland County, MI

Houston-The Woodlands-Sugarland Fort Bend County, TX

Madison Dane County, WI

Miami-Dade County Palm Beach County,  
Broward County, FL

New York-Northern New Jersey-Long Island Bergen County, NJ;  
Westchester County, NY

San Diego-Carlsbad San Diego County, CA

Seattle-Tacoma-Olympia King County, Snohomish County, 
Pierce County, WA

St. Louis St. Louis County,  
St. Charles County, MO

Figure 2. Locations Likely for a Semiconductor Plant
Source: Semiconductor Industry Association and author’s calculations 

Note: Several locations are omitted from our analysis due to missing county-level data.

Figure 1. Current Semiconductor Plant Locations
Source: Semiconductor Industry Association and author’s calculations 

Note: Several locations are omitted from our analysis due to missing county-level data.
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We believe the Tier 1 counties are highly likely for new plant 
locations; however, other places might also be considered, such 
as Tier 2 counties. Tier 2 counties appeared within the top 25 
counties of only one of the estimated models. Table 3 lists the 20 
counties in Tier 2.

Tier 3 locations also have the potential for a new establishment, 
but are less likely than those in Tier 1 and Tier 2 counties. Tier 3 
counties appeared within the top 50 counties of only one model. 
Table 4 lists the 17 counties in Tier 3. 

To test the quality of our model, we perform one additional 
test, which uses a list of newly announced locations for semicon-
ductor manufacturing facilities from the Semiconductor Industry 
Association. These facilities are of various types and have county-
level proposed locations within metropolitan or micropolitan 
areas. See Table 5.

Of the 20 proposed plants in the U.S., half (10) are located in 
the roughly 1.5 percent of counties that currently have a semicon-
ductor plant, and eight of the remaining fall into one of the 49 
counties that our model predicts are most likely to receive a new 
semiconductor plant. Two locations are outside our model—one 
(West Lafayette, Ind.) is located in a county that is in the 97.5 
percentile of our model and very nearly met our inclusion crite-
rion. The location is also home to Purdue University (one of the 
world’s top five public engineering universities) and has proximity 
to the Indianapolis labor market. 

The second location (Midland Micropolitan Area—Bay City, 
Mich.) is in the 88.3 percentile of counties in our model. It is 

also the only micropolitan area to have a proposed semiconduc-
tor facility. The physical proximity to the automobile industry, 
a heavy consumer of semiconductors, likely played a role in this 
location decision, but our model did not capture it. 

Table 5. Proposed Semiconductor Plant Locations
Semiconductor 

Manufacturing Firm
Proposed Plant 

Location
Metropolitan/

Micropolitan Area
Model 
Results

Intel Rio Rancho, NM Albuquerque Tier 2

Global Foundries Malta, NY Albany-Schenectady Existing

Micron Boise, ID Boise Existing

Intel Licking, OH Columbus Tier 1

SK Siltron CSS Bay City, MI Midland 
(Micropolitan)

88.3 
percentile

Wolfspeed Marcy, NC Durham-Chapel Hill Tier 3

Wolfspeed Chatham County, 
NC Durham-Chapel Hill Tier 3

Texas Instruments Richardson, TX Dallas 1st Tier

Wolfspeed Durham, NC Durham-Chapel Hill Tier 3

Texas Instruments (A) Sherman, TX Sherman-Denison Existing

Texas Instruments (B) Sherman, TX Sherman-Denison Existing

Rogue Valley 
Microdevices Medford, OR Medford Existing

NXP Chandler, AZ Phoenix Existing

TSMC Phoenix, AZ Phoenix Existing

SkyWater Osceola County, FL Orlando Tier 3

SkyWater West Lafayette, IN Lafayette-West 
Lafayette

97.5 
percentile

NXP Austin, TX Austin Existing

Intel Hillsboro, OR Portland Tier 3

Samsung Electronics (A) Taylor, TX Austin Existing

Samsung Electronics (B) Taylor, TX Austin Existing

Table 3. New Semiconductor Plant Locations:  
Tier 2 Counties (Likely)

Metropolitan Statistical Area Tier 2 Counties

Albuquerque Bernalillo County, NM

Ann Arbor Washtenaw County, MI

Boston–Cambridge–Newton Essex County, MA

Bridgeport-Stamford-Norwalk-Danbury Fairfield County, CT

Erie Erie County, NY

Eugene Lane County, OR

Fresno Fresno County, CA

Greater Hartford-Hartford-West Hartford Hartford County, CT

Greater New Haven New Haven County, CT

Indianapolis-Carmel-Anderson Hamilton County, IN

Kansas City Johnson County, KS

Lancaster Lancaster County, PA

Las Vegas Clark County, NV

Nassau-Suffolk County Suffolk County, NY

Philadelphia-Camden-Vineland Bucks County, PA

Rapid City Pennington County, SD

Riverside-San Bernardino San Bernardino County, CA

Salt Lake City Salt Lake County, UT

Spokane-Spokane Valley Spokane County, WA

Tucson Pima County, AZ

Table 4. New Semiconductor Plant Locations:  
Tier 3 Counties (Somewhat Likely)

Metropolitan Statistical Area Tier 3 Counties

Bakersfield Kern County, CA

Bloomington Monroe County, IN

Champaign-Urbana Champaign County, IL

Columbia Boone County, MO

Corvallis Benton County, OR

Des Moines Polk County, IA

Durham-Chapel Hill Orange County, NC

Grand Rapids Kent County, MI

Honolulu Honolulu County, HI

Iowa City Johnson County, IA

Minneapolis–St. Paul–Bloomington Dakota County, MN

Nashville-Davidson-Murfreesboro Williamson County, TN

Omaha Council Bluffs Douglas County, NE

Orlando-Kissimmee-Sanford Orange County, FL

Portland Clackamas County, OR

San-Francisco-Oakland-Berkeley Marin County, CA

Tampa-St. Petersburg-Clearwater Hillsborough County, FL
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Summary
The CHIPS Act offers incentives to increase the potential for 

growth in domestic semiconductor manufacturing. Combined 
with the costly disruptions of chip production during COVID, it 
is especially likely the United States will see new semiconductor 
production. 

We identify likely locations, aggregating to the Metropolitan 
Statistical Areas, which include 13 Tier 1 MSAs for the poten-
tial location of new semiconductor manufacturing plants in the 
United States. These have some geographic differentiation, but 
should not be surprising. These places possess those characteris-
tics of locations that currently have one or more semiconductor 
manufacturing establishments. 

We also identify 20 Tier 2 MSAs, where semiconductor manu-
facturing plants may be located in the coming years. These loca-
tions have many of the same assets as the Tier 1 communities, but 
differ modestly in terms of the characteristics that exist around 
current semiconductor manufacturing facilities. 

Finally, we identify 17 Tier 3 MSAs. These places possess many 
of the characteristics that places with current semiconductor 
manufacturing firms enjoy. All the tiered regions should antici-
pate interest from semiconductor manufacturing firms. 

We note that one of our Tier 1 MSAs (Columbus, Ohio) has 
already been selected as the site for a new Intel semiconductor 
plant.[4] This plant was not included in our model (we examined 
only current operations). Thus, we view this announcement as a 
good measure of the robustness of our modeling approach. 

4. See https://www.intel.com/content/www/us/en/newsroom/news/intel-announces-
next-us-site-landmark-investment-ohio.html#gs.bothah

For most production 
activities, it seems most 

likely that human capital 
considerations  

outweigh concerns about 
direct inputs.

Our model predicts 
18 of the reported 20 

proposed locations for 
new semiconductor 

manufacturing plants  
in the U.S.
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Summary Statistics
Our model of location conditions requires the use of data, 

which we gather from both public and private sources. Our pub-
lic data is from the U.S. Census Bureau, the Bureau of Economic 
Analysis, the Department of Agriculture, the Bureau of Labor 
Statistics, and the National Center for Educational Statistics. We 
also use quality of life data from Weinstein, Hicks, and Wornell 
(2022) and derivative data on unexplained productivity from a 
forthcoming study by these authors. 

We use semi-conductor data from various sources, includ-
ing the Semiconductor Industry Association. These are mapped 
above, and represent all the semiconductor manufacturing 
facilities in the United States. This data does not include any 
announced/forthcoming establishments, and three counties are 
excluded from our data analysis due to the unavailability of key 
data. 

Summary statistics and sources appear in Table A1. 

Table A1. Summary Statistics
Sources: U.S. Census Bureau; Bureau of Economic Analysis (BEA); Bureau of Labor Statistics (BLS); Department of Health and Human Services (DHHS); National Center for 

Educational Statistics (NCES); Weinstein, Hicks, and Wornell (WHW). 

Variable  Mean  Median  Maximum Minimum  Std. Dev. Source

Population 99036.38 25439 10081570 98 328622.5 Census

Employment To Population Ratio 54.97852 55.5791 77.45098 14.65402 8.222812 BEA/Census

Population Change, 2010-2019 0.00852 0.005468 1 -0.30196 0.039102 BEA

Industry Herfindahl Index 1065.684 1012.268 3844.638 811.2104 210.9069 BEA

Population Density 219.6404 42.49611 71610.05 0.14485 1741.376 BEA/USDA

Median Age Of Population 731764.8 731624 733466 730145 1045.845 Census

Average Wage Per Job 50904.61 49036 161211 20706 12842.11 BEA

Immigrant Share Of Population 4.600994 2.669005 47.23829 0 5.466054 Census

Commuting Distance, 2010 22.79316 22.5 44.2 4.5 5.397905 Census

Manufacturing Share Of Employment 12.38037 11.43053 46.3942 0 7.126122 BEA

Government Share Of Employment 5.432655 4.738116 33.05075 0 2.970547 BEA

Growth Model (Residual) -0.000731 -0.020038 4.525152 -1.94324 0.420006 WHW

Quality Of Life Housing Market -0.000262 -0.021728 1.312808 -1.40191 0.275672 WHW

Quality Of Life Labor Market -0.00047 -0.007443 1.00438 -0.93244 0.181108 WHW

Right-To-Work State Dummy Variable 0.535038 1 1 0 0.498854 BLS

Household Vacancy Rate 0.173158 0.146496 0.833115 0.042159 0.101938 Census

Years Of Potential Life Lost (BURFISS) 7653.605 7596.67 24668.26 0 2897.58 DHHS

Bachelor Degree Share, Age >25 21.64005 19.44182 75.29931 0 9.178537 Census/NCES

Undergraduate Student Population 5454.95 953 670107 0 19586.3 NCES

Graduate Student Population 1140.666 140 136303 0 4741.1 NCES

Research University 0.074726 0 8 0 0.381545 NCES

Appendix A. Summary Statistics & Estimation Results
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Estimation Results
As mentioned in the text, we are interested in modeling the 

current location of semiconductor manufacturing establishments 
of all types. We are not modeling the actual firms (ownership) nor 
are we modeling the entrance decision at the time the location 
was chosen. Rather, we wish to model what characteristics cur-
rently exist that would be likely to attract this type of firm. 

This approach eliminates several restrictive modeling assump-
tions, including the IIA assumption and choice modeling 
approaches. These models are enormously restrictive in their 
assumptions. Instead, we model simply the probability of the 
presence of a semiconductor manufacturing establishment and 
the expected number of these establishments at the county level. 

The probability model is formally a Probit model of the form:
P (Z = 1 | L,X,H) = Φ (L,X,H) B

Where the probability of a semiconductor firm Z in a county is 
conditioned on the local labor market, input markets and human 
capital in each county. We estimate the matrix B for the Probit 
model, assuming a normal distribution. We estimate this model 
using maximum likelihood, reporting Z-statistics derived from 
Huber-White corrected standard errors. This is a formal descrip-
tion of Equation 1 in the text. 

The count or Poisson model takes the form:
E (Z | L,X,H) = Γ (L,X,H) B

Where the expected value (number) of semiconductor manu-
facturing firms in county i, is a function of labor market condi-
tions L, input markets X, and human capital H. We estimate B 
with maximum likelihood, using a Newton-Raphson hill climb-
ing algorithm. We report Z-statistics derived from a Huber-White 
corrected standard errors. This is the formal matrix exposition of 
Equation 2 in the text. 

The final column estimates marginal effects from the Poisson 
model (formally, the average marginal effects). See Table A2. 

Both of these models are satisfactory for the purpose of under-
standing the current conditions within the counties that host 
semiconductor manufacturing firms. 

Table A2. Estimation Results

Variable Equation 1 
(Probit)

Equation 2 
(Poisson)

Marginal Effects 
From Equation 2

Intercept -56.54223   
(-0.78)

-77.15254   
(-0.52) 0

Population 3.19E-06***   
(4.65)

1.99E-06***   
(5.81) 7.26E-07

Population Squared -6.73E-13***   
(-2.90)

-1.42E-13***   
(-5.00) -4.15E-14

Employment To 
Population Ratio

-0.041655**   
(-2.21)

0.024516   
(0.54) 0

Population Change, 
2010-2019

4.7239*   
(1.89)

3.400659   
(0.42) 0

Industry Herfindahl Index -0.000634***   
(-0.64)

-0.004469***   
(-1.65) 9.44E-06

Population Density -0.000464**   
(-2.24)

-0.000518**   
(-2.08) -2.45E-05

Median Age Of Population 8.21E-05   
(0.83)

0.000104   
(0.52) 0

Average Wage Per Job -3.11E-05   
(-2.60)

-2.01E-06   
(-0.21) 0

Immigrant Share  
Of Population

-0.00276   
(-0.14)

0.056141   
(1.51) 0

Commuting Distance, 2010 -0.04821   
(-1.58)

-0.100222**   
(-2.33) -0.002164

Manufacturing Share  
Of Employment

-0.001267   
(-0.05)

0.026145   
(0.34) 0

Government Share  
Of Employment

-0.081132*   
(-1.67)

-0.006558   
(-0.07) 0

Growth Model (Residual) 0.474195***   
(2.60)

0.863139**   
(2.55) 0.01928

Quality Of Life  
(WHW, 2022)

0.364724   
(1.20)

-0.458347   
(-0.75) 0

Right-To-Work State 
Dummy Variable

-0.385427***   
(-1.78)

-0.230236   
(-0.50) 0

Household Vacancy Rate -8.630273***   
(-2.99)

-7.797868**   
(-2.54) -0.1302

Years Of Potential Life Lost 
(BURFISS)

-3.80E-05   
(-0.66)

-3.32E-05   
(-0.36) 0

Bachelor Degree Share, 
Age >25

0.041093***   
(2.92)

0.076798***   
(2.62) 0.000337

Undergraduate Student 
Share Of Population

-1.880267   
(-0.71)

-8.264661   
(-1.59) 0

Graduate Student Share 
Of Population

21.56005   
(1.39)

51.08422**   
(2.18)

Research University -0.153288   
(-0.63)

-0.211966   
(-0.96) 0

Observations 2997 2997

Mcfadden R-Squared 0.39 . . .

Adjusted R-Squared . . . 0.20

LR Statistic 115.3*** 472.7***


