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1 Variable Definitions and Sources

1.1 Manufacturing

Value Added: Total di↵erence between value of shipments and expenditure on materials

in the county-industry-year unit, 1958 $.

Employment: Total employment in the county-industry-year unit.

Labor Income: Average annual labor income in the county-industry-year unit, 1958 $.

Non-Production Worker Share: Ratio of non-production to production workers in the

county-industry-year unit.

Capital Investment: Total investment by manufacturing firms in the county-industry-year

unit, 1958 $.

Capital: Measured by the capital stock in the industry-county-year unit. We construct

our capital stock measure from the reported investment series using the perpetual inventory

method. We follow Bloom, Shankerman, and Van Reenen (2013) and choose the baseline

value of the capital stock in 1958: kij1958 = iij1958
0.08+gkij1958

, where gkij1958 is the growth rate

of investment between 1954 and 1958 in the county-industry cell. We follow Bloom, Bond

and Van Reenen (2007) in assuming a 8% depreciation rate. Our capital stock measure in

years other than 1958 is given by kijt = iijt + (1� 0.08)2.5kijt�1. We assume that investment

occurs at the mid-point between the five year di↵erences in manufacturing census years. If

investment is missing we assume it is zero, and depreciate the prior capital. If the lagged

capital stock is missing, we use the SIC2 capital-employment ratio and observed employment

in the industry-county cell to impute lagged capital stock. Measured in nominal dollars.

TFPR, Solow: Estimated total factor revenue productivity using a Cobb-Douglas value

added production function with capital and labor as inputs, nominal $. We estimate the

production function Yijt = AijtK
�1
ijtL

�2
ijt to recover manufacturing revenue productivity at the

industry-county-year level, Aijt. We estimated this using OLS.

Unit of measurement for all variables: County ⇥ SIC 2 digit ⇥ year.

Sources for all manufacturing variables: U.S. Census Bureau, Census of Manufactures (var-
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ious years).

1.2 Space Capability

Space Score: The county median cosign similarity between full-text pre-1958 patent texts

and post-1958 CIA National Intelligence Estimates of Soviet Space Capabilities texts. The

space score (⇢̃Ci) is the median value of ⇢̃p<1958 across all pre-1958 patents in county i, as

describe in appendix section 2.2. This variable is defined at the county-industry level.

High Space Capability: Space capable places are county-industry cells with above median

values of the space score variable, as describe in appendix section 2.2. This indicator variable

is defined at the county-industry level.

High Space Market: High Space Market are counties above median in terms of our space

market measure SpaceMarketo ⇡
P

d ⌧
�✓d
od SpaceSpending✓d, and zero otherwise. ✓ = 6.74.

See appendix section 3 for the derivation and discussion of this measure. This indicator

variable is defined at the county-industry level level.

County-High Space Capability: Space capable places are county cells with above median

values of the space score variable computed at the county level, as describe in appendix

section 2.2. This indicator variable is defined at the county level.

US High Space Capability: Space capable places are county-industry cells with above

median values of the US space score variable. The US space score measures similarity to US

space technology. It is computed based on similarity of technologies in the pre-1958 patents

to technologies in the text of post-1958 US NASA patents instead of CIA NIE of Soviet space

documents as in our main measure. This indicator variable is defined at the county-industry

level.

Mean Space Score: We compute the space capability score as the mean of ⇢̃p<1958,ij for

each county i-industry j, as describe in appendix section 2.2. This variable is defined at the

county-industry level.

High Space Capability, Unstemmed: Space capable places are county-industries with

above median values of the space score variable, as describe in appendix section 2.2. We

compute the space score as the median of ⇢̃nostemp<1958,ij for each county i-industry j, as describe in
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appendix section 2.2. This version calculates the cosign similarity using unstemmed versions

of the science direct terms (⇢̃nostemp<1958,i). This indicator variable is defined at the county-industry

level.

High Space Capability, All: Space capable places are county-industries with above me-

dian values of the space score variable, as describe in appendix section 2.2. We compute the

space score as the median of ⇢̃nostemp<1958,ij for each county i-industry j, as describe in appendix

section 2.2. This version calculates the cosign similarity using stemmed versions of the sci-

ence direct terms (⇢̃nostemp<1958,i). This version uses the full set of NIE documents that cover space

technology to compute the median as indicated in appendix Table A1 column ‘All’. This

indicator variable is defined at the county-industry level.

High Space Capability, Exclusive: Space capable places are county-industries with above

median values of the space score variable, as describe in appendix section 2.2. We compute

the space score as the median of ⇢̃nostemp<1958,ij for each county i-industry j, as describe in appendix

section 2.2. This version calculates the cosign similarity using stemmed versions of the science

direct terms (⇢̃nostemp<1958,i). This version only uses the subset of NIE documents that cover space

technology exclusively to compute the median as indicated in appendix Table A1 column

‘Exclusive’. This indicator variable is defined at the county-industry level.

High Space Capability, County Level: Space capable places are county cells with above

median values of the space score variable, as describe in appendix section 2.2. This indicator

variable is defined at the county level.

High Space Capability 75th Percentile, County Level: Space capable places are county

cells with above 75th percentile values of the space score variable, as describe in appendix

section 2.2. This indicator variable is defined at the county level.

All Space capable place variables are derived from the authors’ calculations using the full

text of patent documents, the full text of CIA National Intelligence Estimates of Soviet

Space Capabilities, and the Science Direct Technology Corpus of terms. More details on the

creation of the variables is provided in appendix section 2.2 below.
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1.3 Patents

Total Patents: Total patents measured at the county-industry-year unit level. Patents

with authors from more than one county are assigned fractionally to multiple counties based

on county authorship share.

Pre-1958 Patents: Total patents between 1947 and 1958 at the county-industry-year level.

NASA Patents: Total NASA patents in the county-industry-year unit. NASA patents are

those in which NASA is either the assignee or listed as a funder on the patent. Patents with

authors from more than one county are assigned fractionally to multiple counties based on

county authorship share.

Army Patents: Total Army patents in the county-industry-year unit. Army patents are

those in which the Army is either the assignee or listed as a funder on the patent. Patents

with authors from more than one county are assigned fractionally to multiple counties based

on county authorship share.

Navy Patents: Total Navy patents in the county-industry-year unit. Navy patents are

those in which the Navy is either the assignee or listed as a funder on the patent. Patents

with authors from more than one county are assigned fractionally to multiple counties based

on county authorship share.

Non-NASA Patents: Total Non-NASA patents in the county-industry-year unit. These

patents include those for which NASA is neither an assignee nor listed as a funder on the

patent. Patents with authors from more than one county are assigned fractionally to multiple

counties based on county authorship share.

Military Text Patents: Total patents in the county-industry-year unit with above median

similarity to military technologies based on an inverse document term frequency measure.

Military technologies are obtained from the intersection of the DOD (2021) glossary of mili-

tary terms with the Science Direct set of technology terms. Patents with authors from more

than one county are assigned fractionally to multiple counties based on county authorship

share.

Unit of measurement for all variables (unless stated otherwise): County ⇥ SIC 2 digit ⇥
year.
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Sources for all patent variables: Marco, Carley, Jackson and Myers (2015); Lybbert and Zolas

(2014); USPTO (2013); Petralia, Balland, and Rigby (2016); Fleming, Greene, Li, Marx, and

Yao (2019); USPTO (2020); and authors’ calculations. Information on assignment or funding

of patents is drawn from Fleming, Greene, Li, Marx, and Yao (2019) for patents before 1976

and from USPTO PatentsView for those 1976 and after. Department of Defense (2021),

“Department of Defense Dictionary of Military and Associated Terms,” Joint Publication

1-02 (Washington, DC: Government Printing O�ce).

1.4 Population

Population: Total population in the county-year unit.

High School Graduate Percentage: Percentage of adults age 25+ who are high school

graduates in the county-year unit.

Unit of measurement for all variables: County ⇥ year.

Source for all variables: Haines (2010).

1.5 NASA and Military Spending

NASA Spending (1958$): Total cumulative NASA contractor spending in a county-

industry in the manufacturing census year, plus spending in years since the last the census.

Locations of contractor activity, not corporate headquarters, are utilized. The top 100

contractors account for the vast majority of NASA prime contractor spending. The maximum

share of NASA contractor spending occurring at the top 100 is 92.86% and the minimum

share is 87.17%. NASA contractor data drawn from Van Nimmen and Bruno (1976, 191-208)

and Gawdiak (1994, 184-99). NASA R&D data is from Rumerman (1999) and Rumerman

(2012).

Military Spending: Total military contract spending in the county-year unit. The 1947-

1966 data are based on state-level data, but allocated using 1967 SIC2-county weights from

that year’s military spending applied to each location and industry. The 1967 to 1992 data

are based on totals on individual contracts over $10,000 at the SIC2-county level. The earliest
year for the state data is 1951. The data we use for 1947 is based on reported values in 1951.
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The post-1967 contract data only have industry in a few years. We use the federal supply

codes for equipment cross-walked to SIC2 industries to get the industry level data. Unit

of measurement: County ⇥ SIC 2 digit ⇥ year. Sources: USDOD(1975); USDOD(1981);

USDOD(2007); authors’ calculations.

1.6 Patent Inventor Migration

County In-Migration of Patent Inventors: We denote origin locations o and destination

locations d. The number of inventors who move from o to d is Podt and the number of

inventors who begin in o and do not move, Poot, so that log
⇣

Podjt

Poojt

⌘
is the log odds ratio

for inventor migration. This variable is measured at the origin-destination-industry county

pair level for the 1945 to 1992 patent application years. Source: Authors’ calculation using

patent inventor panel data as described in section 2.3 of the appendix.

Corporate Income Tax Rate: The additional tax burden accruing to a firm in the top

tax bracket in state s for an additional one dollar of revenue if all of its operations were in s.

Measured at the state-year level. Source: Akcigit, Grigsby, Nicholas, and Stantcheva (2022).

Personal Average Income Tax Rate, 90th Percentile: The total tax burden for an

individual at the 90th percentile of the national income distribution divided by that individ-

ual’s total income. Calculated using the tax calculator by Bakija (2006). Measured at the

state-year level. Source: Akcigit, Grigsby, Nicholas, and Stantcheva (2022).

R&D Credit: Statutory credit rate adjusted for recapture and type of credit for a given

state-year. Source: Akcigit, Grigsby, Nicholas, and Stantcheva (2022)

1.7 Transportation Costs and Other Variables

Transportation Costs (⌧ij): County-to-county transportation costs in 1960. This measure

is based on the 1959 Rand McNally Road Atlas highway network to compute the travel costs

between all county pairs in the contiguous United States in each year. Transportation costs

are computed by measuring the road surface, using historical sources for travel speed by

road surface type and legislated speeds. Monetary travel costs are obtained by using the per

mile wage of a truck driver multiplied by the travel time plus the per mile fuel cost times the
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distance. See Jaworski and Kitchens (2019) for more details. Unit of measurement: Origin-

Destination County pair. Sources: Jaworski and Kitchens (2019); authors’ calculations.

Defense Scientist (1962): Number of research scientists who have received funding from

a defense agency before 1962 in the county. Source: National Register of Scientific and

Technical Personnel (NSF, 1962).

Research Scientist (1962): Number of research scientists in 1962 in the county. Source:

National Register of Scientific and Technical Personnel (NSF, 1962).

IBM Mainframe Computers (1961): Number of IBM mainframes installed before 1961.

Unit of measurement: County. Source: IBM (1962).

2 Data Construction

2.1 Manufacturing Census Panel

We obtain data from the Censuses of Manufactures of 1947, 1954, 1958, 1963, 1967, 1972,

1977, 1982, 1987, and 1992. These census data provide reporting at the county and MSA

levels. We standardize the reporting to measure consistent quantities and monetary val-

ues across data years for SIC 2-digit industries. Some large metro counties do not report

separately from the MSA in 1963, 1967, 1972, and 1977. We apportion these MSA values

to counties using the share of employment in an industry-county cell in a MSA-industry

cell. We take the average of this apportionment factor in 1958 and 1982 to apportion the

1963-1977 MSA-industry data to county-industry cells.

We drop observations that report: (1) missing value added or employment in a year; (2)

less than eight times during the sample; (3) no space sector in the county; and (4) no pre-1958

patents. These restrictions lead to a loss of 2,597 observations. We also drop the observa-

tions that appear in ND, SD, or WY because only a single county in each state reported

manufacturing data. Our analysis sample contains 6,759 county-industry observations from

86 counties and 19 two-digit SIC industries from 1947 to 1992.
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2.2 Space Capable Places: Patent and Soviet Space Intelligence

Text

Corpus of Technology Concepts: To compute the similarity between full-text USPTO

patent documents and CIA National Intelligence Estimates of Soviet Space Capabilities

documents we employ three sources. First, we obtain the Science Direct (SD) corpus of

Technology Terms.1 The SD corpus of technology concepts consists of 193,715 expressions

comprising Science Direct (SD) Topics. Similar to the well-known Medical Subject Headings

(MeSH) terms, the vocabulary in the SD Topics indexes articles in SD in order to improve

information retrieval for researchers. Unlike the medical focus of MeSH terms, the SD Topics

cover all scientific disciplines represented in SD.

Full Patent Text: Two sources are used for extracting full patent texts for the time period

from January 1940 to December 1991, inclusive. Full patent text since 1976 is available in

the US Patent and Trademark O�ce’s Patent Full-Text and Image Database (PatFT)2. For

the time period of 1940-1975, description and claims text was extracted using the Google

Patents Public Datasets on BigQuery.3

National Intelligence Estimates (NIEs): The CIA’s now-declassified NIEs are authori-

tative intelligence assessments related to the Soviet Union’s capabilities with regard to space

flight, among a number of other geopolitically sensitive areas.4 During the period of 1946-

1991, these documents provide estimates of Soviet scientific and technical capabilities in

space. Some of the documents also focus on military technology. We exclude the documents

that primarily focus on military technology from our baseline analysis. We compute an ad-

ditional patent text similarity measure using only documents with an exclusive space focus

as a robustness exercise. The documents we use are listed in appendix Table A1.

Data Pre-Processing: English stop words were removed, and Porter stemming was applied

1The list is available here: https://www.sciencedirect.com/topics/index.
2Available at https://bulkdata.uspto.gov/. Search for links under Patent Grant Full Text Data (No

Images) (JAN 1976 - PRESENT).
3Available at https://cloud.google.com/blog/topics/public-datasets/google-patents-public-datasets-

connecting-public-paid-and-private-patent-data. Follow directions to Google Patents Public Data. Data set

ID: “patents-public-data:patents”.
4Documents were sourced from http://www.astronautix.com/r/russiawhatddidtheyknowit.html. More

information regarding these records is available at https://www.cia.gov/readingroom/collection/declassified-

national-intelligence-estimates-soviet-union-and-international-communism.
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to the SD Topics corpus, as well as to the full patent and NIE texts.5 To reduce the dimension

of the SD Topics, we then dropped stemmed topics appearing less than 1,000 times over the

full set of patent texts, and then dropped the top 1% most frequently occurring terms. The

most frequently occurring terms that were dropped include “Copper,” “Dye,” “Gridding,”

and “Duct,” for example. SD Topics containing more than four words are also dropped.

The combination of stop word removal, stemming, dropping infrequent and too frequent

terms, and dropping Topics comprising more than four words result in a dictionary of 25,767

technology concepts.

Text Similarity: We first compute the text similarity between each patent and each NIE

document in appendix table A1 using a cosine similarity measure. This process is imple-

mented by following the steps:

1. Construct a document term matrix containing frequency counts for each SD Topic in this

representative NIE document (after data cleaning);

2. Construct document term matrices for each U.S. patent (after data cleaning);

3. For each patent document term matrix, compute the cosine similarity against the repre-

sentative NIE:

⇢p<1958,n>1958 =

Pn
i=1 TFi,n>1958TFi,p<1958qPn

i=1 TF
2
i,n>1958

qPn
i=1 TF

2
i,p<1958

(A1)

where ⇢p<1958,n>1958 is cosine similarity between a patent document issued before 1958 (p <

1958) and an NIE document issued after 1958 (n > 1958). TFi,n>1958 is the term frequency

for SD term i in NIE document n > 1958, and TFi,p<1958 is the term frequency for SD term i

in patent document p < 1958. Exhibit A1 in the online appendix provides a visual example

of highly similar pages in an NIE document and patent document captured by this approach

with the SD technology terms highlighted.

Space Capable Places: We aggregate patent level NIE similarities to the county-industry

level to determine space capable places. We first compute median of ⇢p<1958,n>1958 at the

patent level across all NIE documents after 1958 to obtain ⇢̃p<1958. The space score (⇢̃Ci) is the

median value of ⇢̃p<1958 across all pre-1958 patents in county i - indusry j. County-industries

with high values of ⇢̃Ci (high space place capability score) have pre-Sputnik technologies

represented in the county-industry, as evidenced through their patent records, similar to the

space technologies that the Sovets possessed after 1958. County-industries with low values

5Both the English stop words removal and the Porter2 stemming were achieved using the SnowballStem-

mer function from the Natural Language Toolkit (NLTK) Python module.
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of ⇢̃Ci (low space place capability score) had pre-Sputnik technologies within the county-

industry that were not similar to later Soviet space technologies. Our space capability place

variable takes a value of 1 for county-industries with above median values of ⇢̃Ci , and a value

of zero otherwise.

Validation: Our textual similarity measure captures spaceflight technological similarity

regardless of how patents were classified by the Patent O�ce. Examples of patents that are

highly similar to a specific NIE document are shown in Figure 3. We see patents dealing

with pop-up fins, orbital devices, and satellites.6 While the majority of frequent technology

terms in our examples are closely connected to spaceflight, they do suggest one potential

limitation of our measure. NIE intelligence and U.S. patent documents may be textually

similar because of matching non-spaceflight technologies. For instance, military technology

terms such as “Warhead” or “Missile” – even though they were commonly used to describe

rocket technology at the time – could lead to a high similarity score even if their space-

relevance might be low. In appendix table A5 we show that our patent-level space score

based on textual similarity between the patent and NIE technologies strongly predicts NASA

ownership or funding of a patent, conditional on military funding, technological area, and

county fixed e↵ects.7 We further address this concern by showing that our main results

below are robust to a broad range of controls for military research and spending (Table 4)

and point out here that the spatial correlation between military and NASA R&D activity is

small (appendix table A6).

6Examples of SD technology terms most frequent in patents owned or funded by NASA, shown in appendix

table A2, include “Aircraft,” “Antennae,” and “Propellant.” Examples of SD technology terms most frequent

in NIE space technology intelligence reports, shown in appendix table A3, include “Missiles,” “Satellites,”

and “Orbitals.” Appendix table A4 reports the SD terms occurring frequently in both NIE and patent

documents. Such terms as “Aircraft,” “Spacecraft,” and “Satellites” are frequently found in both types of

documents.
7The regression results reported in online appendix table A5 are patent level and are specified as:

NASAl = !1 + !2Space Scorel + �t + ⌫l, (A2.2.1)

where NASAl takes a value of 1 if the patent is a NASA patent and zero otherwise. SpaceScorel measures

the cosign similarity between patent l and all NIE documents, as discussed above. We expect !2 to be

positive if our measure captures technological similarity to NASA demands. We report versions of this

model that also control for NBER technology subcategory fixed e↵ects, other government involvement in the

patent, and county fixed e↵ects.
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2.3 Patent Inventor Panel

We build a panel of inventors by disambiguating the inventors listed on all USPTO patents

from 1947 to 1992. We follow the disambiguation procedure of Li, et al. (2014) to determine

if a pair of patent-inventor records belongs to a single individual. This task is a clustering

problem which is addressed using an Authority machine learning approach (see Torvik and

Smalheiser 2009). Given a training data set of disambiguated inventors, we cluster inven-

tors in our historical patent data based on a similarity profile. Following Akcigit, Grigsby,

Nicholas and Stantcheva (2018), we measure similarity across a pair of inventors using com-

binations of inventor-level features – inventor name and location – and patent-level features

– patent assignee, technology class, and coauthor network. Intuitively, the algorithm as-

signs a higher probability of two patent-inventor records belonging to the same individual

when the two patents are technologically similar, or share the same assignees, trace back to

geographically close locations, etc.

The ideal implementation of the disambiguation algorithm considers the similarity across

all pairs of inventors in the historical patent records available through Google Patents (GP).

With over 3.8 million patent-inventor records during our period of analysis (1920-1980),

this translates to over 14.4 trillion inventor pairs. To reduce the computational burden of

the ideal implementation, we adopt the iterative blocking approach from Akcigit, Grigsby,

Nicholas and Stantcheva (2018). The starting point is to compare only record pairs within a

block of inventors sharing an exact first and last name. Later iterations allow for increasingly

larger blocks by comparing, for example, inventors with a same first initial and exact last

name. The purpose of the iterative blocking approach is to (1) reduce the computational

cost of the algorithm, and (2) allow for di↵erent feature sets when constructing the similarity

of a pair of patent-inventors. The exact implementation of our disambiguation algorithm is

described below.

2.3.1 Feature set and similarity profiles

Feature set. We compare two records by constructing pairwise similarity profiles x using

a set of features x1, ..., xk. Each available feature xi is encoded as follows.

• Middle name: middle names (and first and last names as well) are constructed from
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the inventor full name field. Once constructed, we compare the middle name feature

for a pair of records and assign one of of the following alternatives.

(a) The middle names match exactly (e.g. “JAMES” and “JAMES”);

(b) One record has a full middle name (with length greater than a single letter). The

other record has only a middle initial which matches the initial of the other record

(e.g. “JAMES” and “J”);

(c) Both records have missing middle name;

(d) One of the two records have a missing middle name (e.g. “JAMES” and “ ”);

(e) Otherwise (e.g. “JAMES” and “EDWARD”).

• Location: we geolocate patent-inventors by linking patent numbers and inventor names

with latitude and longitude information available at the Comprehensive Universe of

U.S. Patents data.8 Once each patent-inventor record is geolocated, we measure

geodesic distance for a pair of records and assign one of the following alternatives:

(a) The two inventors are located less than 1 mile apart;

(b) The two inventors are located from 1 to under 10 miles apart;

(c) The two inventors are located from 10 to under 25 miles apart;

(d) The two inventors are located from 25 to under 50 miles apart;

(e) Either the two inventors are located 50 or more miles apart, or at least one record

has a missing location).

• Patent technology classes: this feature uses the first reported U.S. Patent Class (USPC)

code of a patent record. Comparison across a pair of records yields the following

assignment:

(a) The USPC codes are identical;

(b) The USPC codes are not identical.

• Assignee: the assignee feature is constructed from the harmonized assignee field in the

Google Patents Big Query data base. We retain only the first assignee listed in the

patent record. Comparison of a pair of records yields the following assignment:

8The data set was compiled by Enrico Berkes. Data inquiries should be directed to enrico.berkes@

gmail.com.
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(a) The two patent records yield a Jaro-Winkler (JW)-based similarity metric of at

least 0.9;

(b) 0.8  JW < 0.9;

(c) 0.7  JW < 0.8;

(d) One of the two patent records have a missing assignee;

(e) Otherwise.

• Coauthor network: we construct the coauthor network feature by assigning, to each

patent, a list of all the patent’s inventors. The list is alphabetically sorted, and uses

each inventor’s first and last name. We compare coauthor networks between two

patent-inventor records and assign:

(a) The patent coauthors list is identical between the pair of records;

(b) Otherwise.

Similarity profile. We construct pairwise similarity profiles using the features above. For

example, in an iteration where similarity is defined using the middle name and location fea-

tures, the similarity profile for two records with middle names “JAMES” and “J” geolocated

within a mile from one another is the vector x =< b, a >.

Treating the disambiguated inventor data from Li, at al. (2014) as a “ground truth”

training set, we compute the probability that each profile x belongs to the same inventor.

We construct this probability from the count of records with profile X that belong to the

same inventor versus the count that belong to di↵erent inventors. Let M denote the event

that a patent-inventor pair is a match (i.e., belong to the same individual) and N the event

that it is a non-match. Using Bayes rule, the probability of a match M given an observed

similarity profile X is:

P (M | x) = P (x | M)P (M)

P (x | M)P (M) + P (x | N)(1� P (M))
. (A2)

The posterior probability P (M | X) has a one-to-one relationship with the posterior odds

of a match, defined as:

P (M | x)
1� P (M | x) =

P (M)

1� P (M)

P (x | M)

P (x | N)
. (A3)
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Eq A3 can be converted back to Eq A2, and defining the likelihood ratio r(x) = P (x|M)
P (x|N) , we

get:

P (M | x) = 1

1 + (1�P (M)
P (M) )( 1

r(x))
. (A4)

From Eq A4, two components are needed to determine the posterior probability of a match

given an observed similarity profile: the matching prior and the likelihood ratio. The prior

match probability P (M) at each iteration of the algorithm is the ratio of within-cluster

matched pairs in a block over the total number of pairs in the block. The likelihood ratio

r(x) is determined directly from the training set by taking the ratio of times the similarity

profile x lead to matched events M versus non-matched events N . The training set consists

of disambiguated data from Li, at al. (2014)9, which we use to compute posterior match

probabilities for each similarity profile at each blocking algorithm. This data set contains

over 9 million patent-inventor instances from over 4 million patents issued between 1975-

1999. The underlying assumptions from using these data for our disambiguation task are

that the inventor identifiers are accurately assigned in the training data, and also that there

would be no systematic di↵erences in the posterior match probabilities for patents in our

historical records of 1920-1980 and patents in the training set years of 1975-1999.

2.3.2 Disambiguation blocks

After each iteration, we say that two records originate from the same inventor if the computed

posterior match probability exceeds 0.85. The blocking iterations are described below:

Iteration 1. Block inventors based on exact first and last name. Construct similarity profiles based

on middle name and location.

Iteration 2. Same as Iteration 1.

Iteration 3. Same as Iteration 1.

Iteration 4. Block inventors based on exact first and last name. Construct similarity profiles based

on assignee, patent technology class, coauthor network, and middle name.

9Available at the Harvard Dataverse Network at https://dataverse.harvard.edu/dataset.xhtml?

persistentId=doi:10.7910/DVN/5F1RRI. Use the compressed file “invpat final.zip”
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Iteration 5. Block inventors based on first five letters of first name and exact last name. Construct

similarity profiles based on assignee, patent technology class, coauthor network, and

middle name.

Iteration 6. Block inventors based on first three letters of first name and exact last name. Construct

similarity profiles based on assignee, patent technology class, coauthor network, and

middle name.

Iteration 7. Block inventors based on initial of first name and exact last name. Construct similarity

profiles based on assignee, patent technology class, coauthor network, and middle name.

Iteration 8. Block inventors based on initial of first name and exact last name. Construct similarity

profiles based on middle name and location.

2.3.3 Algorithm performance

For the purposes of measuring algorithm performance and optimizing the cuto↵ parameter

c of the posterior match probability, we subset a random sample 73,562 patent-inventor

instances from 67,443 patent records from the Li, et al. (2014) data. We refer to this subset

of the data as the held-out test set. Upon computing the posterior match probabilities

in the training set (while holding out the test set), we ran the disambiguation iterations

described above on this hold-out test data. We varied the cuto↵ parameter c in the set

{0.8, 0.85, 0.9, 0.95, 0.99} and computed splitting (S) and lumping (L) performance statistics,

defined as:

S =

P
i{x | x 2 Ui,x /2 Vi}P

i|Ui|
, (A5)

L =

P
i{x | x 2 Vi,x /2 Ui}P

i|Vi|
. (A6)

In Eqs A5 and A6, Ui denotes the set of patents for inventor i on the ground truth disam-

biguation of the Li, et al. (2014) data, while Vi denotes the largest set of patents for inventor

i based on our disambiguation algorithm. The splitting and lumping statistics using the

held-out test set in the searched range are shown below. For our disambiguation of histor-

ical patent records, we chose the cuto↵ c = 0.85 which minimizes the sum of splitting and

lumping in the held-out test set.
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2.3.4 Analysis Dataset

Our disambiguation identifies 882,072 U.S. inventors who were jointly granted 2.4 million

patents for our sample period 1945 to 1992. Our main analysis in Table 5 uses a subsample

of inventors in the top 50% of lifetime inventors, who have at least 5 lifetime patents. This

subsample has 105,458 U.S. inventors who were jointly granted 1,198,146 patents.

Splitting and lumping statistics in held-out test set using di↵erent cuto↵s of

the posterior match probability

Cuto↵ .80 .85 .90 .95 .99

Splitting .01504 .02069 .03636 .15756 .43979

Lumping .08360 .07626 .06326 .03212 .01447

Splitting + Lumping .09864 .09696 .09961 .18969 .45426

3 Calculating the Internal Rate of Return

The internal rate of return (IRR) is the interest rate that makes the net present value of

a project zero. This calculation includes both the benefits and costs. In our setting the

benefits are expanded output and the costs are expenditures on Space R&D.

We compute the internal rate of return from the perspective of a 1958 investor in the

project. They take account of the costs and benefits of the space spending in each period

and compute the discount rate required to provide a zero net present value.

The IRR is defined as the solution to this equation,

0 = NPV =
1992X

t=1958

Yimpact,t � Simpact,t

(1 + IRR)t
(A7)

To implement our calculation we use our preferred estimates on the di↵erential NASA

spending in space capable county-industries in the post-space race era in Table 2 column

(1) and the space capable county-industry di↵erential in the post-space race output in Table

3 column (1). Multiplying NASA spending impact estimates times the nationwide total

of NASA spending in a year gives us an implied nationwide spending impact in each year

(Simpact,t). Similarly, multiplying the output or productivity impact estimates times the

nationwide manufacturing output in 1958 gives us an implied nationwide output e↵ect in
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each period (Yimpact,t). We then compute the IRR by setting the net present value of this

stream of annual project benefit (in terms of output or productivity) minus annual project

costs (in terms of NASA spending) equal to zero.

4 Modelling Nationwide E↵ects of Public R&D

In this section we describe our approach to estimate the e↵ect of public R&D on nationwide

economic outcomes. We use a simple county to county trade model based on Donaldson

and Hornbeck (2016) and for ease of exposition we follow their notation and presentation

closely. We di↵er from their model, however, in that we focus on the impact of public

R&D spending, holding transportation infrastructure fixed and introducing market-level

consumption externalities.

4.1 Set Up

We index counties by o if they are origin of trade and d if they are destinations. Consumers

have CES preferences over a continuum of di↵erentiated product varieties, where the elas-

ticity of substitution across varieties is given by �. Producers in each county combine a

fixed factor land (Lo), and mobile factors labor (No) and capital (Ko) using a Cobb-Douglas

technology to produce varieties. Public R&D reduces unit costs for firms in location o. The

marginal cost of each variety is given by:

MCo(j) =
s
�1
o q

↵
ow

�
or

1�↵��

zo(j)
(A8)

where so captures the unit cost e↵ect of public R&D, qo is the land rental rate, wo is the

wage, r is the interest rate, and zo(j) is the local productivity shifter drawn from a Frechet

distribution with a CDF Fo(z) = e
�Aoz�✓

. Ao captures the local knowledge stock, and ✓

captures the standard deviation of the knowledge stock.

Trade costs between o and d are iceberg: for each unit shipped from o to d, ⌧od � 1 is

the cost to ship. That is, if a variety is produced and sold in the same county the price is

poo(j), while the same variety sold in a di↵erent county has price pod(j) = ⌧odpoo(j).

Production and Prices. By assuming perfect competition, unit costs (including

marginal and trade costs, as well as public R&D e↵ects) are equal, letting consumers buy
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from the cheapest origin county. Using the assumption that rc = r, Donaldson and Hornbeck

(2016) note that the price index in destination d is defined by

(Pd)
�✓ = 1

X

o

Ao(s
�1
o q

↵
ow

�
o )

�✓
⌧
�✓
od = CMAd (A9)

where 1 =
⇥
�
�
✓+1��

✓

�⇤ 1
1�� �✓

r
(1�↵��)✓. The price index in county d will fall with an increase

in public R&D in any origin market, with a weight that is declining in trading costs. Bilateral

trade between counties then implies that location specific public R&D may a↵ect prices in

other markets, where the size of the cross-market e↵ect depends on the cost of trading. The

inverse transformation of the price index reflecting customer access to cheap products is

commonly termed Consumer Market Access and denoted CMAd.

Workers and Amenities. Turning to workers, we assume that they are perfectly mobile

across space as our goal is to understand spatial equilibrium implications. We depart from

Donaldson and Hornbeck (2016), however, by including both consumer market access as

a positive amenity of a location and an exogenous fixed utility level (ū) that is common

across locations. As a result of workers’ endogenous location choice, workers’ utility levels

are equalized across counties in equilibrium and, hence, real wages satisfy:

wo

P0
= ūCMA

✏
o (A10)

We include a consumer city amenity where access to a larger set of varieties (Glaeser, Kolko

and Saiz, 2001) increases utility where the spatial scope for agglomeration amenities is beyond

just a county of residence. For example, a worker in Princeton, NJ obtains amenities not

just from the variety of products available in Princeton, NJ, but also those accessible in New

York City. The strength of the market access amenity is captured by the parameter ✏.

Output. We obtain output in a county by summing up exports to all other locations.

Eaton and Kortum (2002) give the following gravity equation for exports from o to d.

Xod = Ao(s
�1
o q

↵
ow

�
o )

�✓
⌧
�✓
od 1CMA

�1
d Yd (A11)

Total output in county o is the summation of exports to all other counties, so that

Yo =
X

d

Xod = 1Ao(s
�1
o q

↵
ow

�
o )

�✓
X

d

⌧
�✓
od CMA

�1
d Yd (A12)

Multilateral market access for the origin county, termed Firm Market Access, is defined as:

FMAo =
X

d

⌧
�✓
od CMA

�1
d Yd (A13)
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Thus, output in county o is given by

Yo = 1Ao(s
�1
o q

↵
ow

�
o )

�✓
FMAo (A14)

This expression suggests intuitively that output is increasing in location specific productivity,

Ao, cost reductions from public R&D, so, and firm market access, FMAo. Output is falling

in local factor prices for labor, wo, and land, qo.

Solving the Model. We solve the model for equilibrium output to obtain our estimation

equation. First, we solve for the county labor supply relationship in (A10) in terms of nominal

wages to substitute into equation (A14) and obtain

Yo = 2Aos
✓
oq

�✓↵
o CMA

��✏�✓
✓

o FMAo (A15)

where 2 = 1ū.

Next, we express CMAd in terms of FMAo. We can use equation (A14) to solve for

(1A0s
�1
o q

↵
ow

�
o ) and substitute into (A9) to get:

CMAd =
X

o

⌧
�✓
od FMA

�1
o Yo (A16)

Under symmetric trade costs (i.e., ⌧od = ⌧od), equation (A16) and the definition of FMAo

implies there exists a constant ⇢ such that FMAo = ⇢CMAo.10 We further define MA0 ⌘
FMAo = ⇢CMAo. Substituting for FMAo = MAo and CMA0 =

MAo
⇢ into equation (A15)

and rearranging we obtain,

Yo = 3Aos
✓
oq

�✓↵
o MA

1+ ��✏�✓
✓

o (A17)

where 3 = 2⇢
(✏�✓��).

Market E↵ects of Public R&D. Finally, we express MA0 as a function of sd so

that market e↵ects can incorporate public R&D unit cost shocks. Solving for market access

MAo ⌘ FMAo =
P

d ⌧
�✓
od CMA

�1
d Yd, CMAd =

⇣
MAd
⇢

⌘
, and Yd = 3Ads

✓
dq

�✓↵
d MA

1+ ��✏�✓
✓

d

from equation (A14), we obtain

MAo = 3⇢

X

d

⌧
�✓
od Ads

✓
dqdMA

1+ ��✏�✓
✓

d (A18)

Market access in county o increases in response to a distance-weighted sum of county d’s

productivity (Ad), public R&D (sd), land values (qd), and multilateral market access (MAd).

10See Appendix section 3 for the proof of this proposition. Donaldson and Hornbeck (2016) and Allen and

Arkolakis (2014) make use of a similar relationship.
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These supply side fundamentals a↵ect the income level in county d and thus take the place

of county d’s output in Donaldson and Hornbeck (2016)’s market access formulation.

Estimation Equation. We can obtain an estimation equation by taking logs of equation

(A15) which leads to:

log(Yo) =  Y + ✓log(s0) +

✓
1 +

� � ✏�✓

✓

◆
log(MAo)� ✓↵log(qo) + log(Ao) (A19)

where  Y = log (3) is a constant. The local e↵ect of public R&D cost shocks in the same

county is captured by ✓, the trade elasticity. The local public R&D e↵ect is positive.

The market e↵ect of public R&D cost shocks – that is,
�
1 + ��✏�✓

✓

�
– can be either positive

or negative, depending on two key factors. A first force is that public R&D in location d

increases location d’s income, which, in turn, increases exports of goods from location o,

which results in an increase in output by firms in the origin county. A positive market access

e↵ect is standard in this class of models. A second mitigating force is migration. Public

R&D in locations near d increase amenities that may induce workers in county o to move.

With a su�ciently strong amenity e↵ect the negative e↵ects of migration away from o can

outweigh the positive e↵ects of increasing income in location d so that market-level public

R&D results in a reduction in output. Thus, the sign of the market e↵ect of public R&D is

an empirical question.11

4.2 Empirical Implementation

Our goal is to use an econometric model to estimate the national manufacturing e↵ects of

NASA activity. To do so we add market e↵ects from the spatial model into our baseline

11We can also derive an expression for employment in county o using equation (10) and WoN0 = Yo� to

obtain

No = 4Aos
✓
oq

�✓↵
o MA

1+✓���✏�✓�✏�
✓

o (A20)

where 4 = 3
�
ū . Taking logs we obtain an estimation equation for employment as,

log(No) =  + ✓log(so) +

✓
1 + ✓ � � � ✏�✓ � ✏�

✓

◆
log(

X

d

⌧�✓
od s✓d)� ✓�log(qo) + log(Ao) (A21)

where  Y = log (4) is a constant. Again, local public R&D has a positive e↵ect on employment. Market

level public R&D has an ambiguous e↵ect on employment depending on the parameter values.
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econometric model using the specification,

log(Yijt) =�1 + �2Space Capable Placei,<1958 ⇥ Space Racet+

�3Space Capable Placei,<1958 ⇥ post-Space Racet+

�4High Space Marketi,<1958 ⇥ Space Racet+

�5High Space Marketi,<1958 ⇥ Post-Space Racet

+ �i + �t +Total Pre-1958 Patentsi ⇥ �t + Si ⇥ �t + ⌫ijt.

(A22)

Here the outcome variables are the log of a manufacturing variable in county i, industry j

and year t, such as value added or employment. Again, we expect �2 and �3 to be positive

as places that were specialized in Space Race-relevant technologies before it began in 1958

were likely to experience more NASA activity after 1958.

Market e↵ects of public R&D are captured by �4 and �5. Market e↵ects may be positive

implying national e↵ects would be larger than local e↵ects due to strong cross-county demand

or productivity e↵ects. Alternative, market e↵ects may be negative implying national e↵ects

are smaller than local e↵ects due to strong cross-county migration e↵ects. The sign and

magnitude of market e↵ects are an empirical question.

Our empirical implementation in (A22) di↵ers from our model-derived estimation equa-

tions in (A19) for a number of reasons. First, our market access measures build on our

research design using the same source of variation as our main analysis. We follow Donald-

son and Hornbeck (2016) in applying further assumptions to make our market access term

empirically tractable.

First, we assume that our space score measure indexes the unit cost e↵ect of space R&D

in our model (sd) and that we can approximate space-driven market access in equation (A19)

in county o with

SpaceMarketo ⇡
X

d 6=o

⌧
�✓
od SpaceCapabilityScore

✓
d (A23)

Our approximation for space market access for county o in era e focuses on a distance-

weighted average of space scores across destination locations. It allows us to obtain a market

access measure when land value (qd) and productivity (Ad) are not reported in manufacturing

census years. It does not include di↵erences across regions in terms of multilateral e↵ects

(MAd since we treat the market access from county d as part of the constant term). It does

not include income in county d unlike Donaldson and Hornbeck (2016) because our supply

side fundamentals take the place of income in our formulation.
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We do not include origin county space scores in the market activity measure to separately

identify only market-level e↵ects. All variation in market activity comes from shocks in space

scores elsewhere that are likely exogenous to county-level outcomes. For this reason we do

not seek instruments for space market activity.

Second, construction of our market-level activity measure, SpaceMarketi, requires ✓

values. We use ✓ = 8.28, the preferred estimate from the meta analysis in Head and Meyer

(2014).

Lastly, we retain the median contrast in our main specification for estimation of market

e↵ects. The variable HighSpaceMarketi takes a value of 1 for counties with above median

SpaceMarketi and zero otherwise.

4.3 Proof ⇢ is Constant

Define key equations

FMAo =
X

d

⌧
�✓
od CMA

�1
d Yd (A24)

CMAd =
X

o

⌧
�✓
od FMA

�1
o Yo (A25)

and

FMAo =
X

d

⌧
�✓
od (FMAd)

�1
Yd (A26)

and

FMAo = ⇢oCMAo (A27)

Step 1: Rearrange (A27) for CMA0, change index from o to be d to substitute into (A24)

for CMAd so that:

FMAo =
X

d

⌧
�✓
od

✓
FMAd

⇢d

◆�1

Yd (A25)

and

FMAo =
X

d

⇢d⌧
�✓
od (FMAd)

�1
Yd (A26)

Step 2: Substitute in for CMAd into (A25) so that:

FMAd

⇢d
=

X

o

⌧
�✓
od FMA

�1
o Yo (A27)
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then

FMAd = ⇢d

X

o

⌧
�✓
od FMA

�1
o Yo (A28)

Changing indexes we get

FMAo = ⇢o

X

d

⌧
�✓
od FMA

�1
d Yd (A29)

Noting that (A26) and (A29) are both expressions for FMAo, we can see that only ⇢o =

⇢d = ⇢ can be a solution to this system of equations.
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Table A1: National Intelligence Estimate of Soviet Space Capabilities Documents 

Document Date Title Baseline; 
Post-1958 

All Space 
Exclusive 

NIE1 1946-10-31 Soviet Capabilities For The Development And Production Of Certain Types Of Weapons 
& Equipment 

 Included  

NIE2 1950-11-15 Soviet Capabilities And Intentions  Included  
NIE3 1951-09-15 Soviet Capabilities For A Surprise Attack On The Continental United States Before July 

1952 
 Included  

NIE4 1953-03-05 Soviet Capabilities For Attack On The Us Through Mid-1955  Included  
NIE5 1953-06-16 Soviet Bloc Capabilities Through 1957  Included  
NIE6 1954-10-05 Soviet Capabilities And Probable Programs In The Guided Missile Field  Included  
NIE7 1955-12-20 Soviet Guided Missile Capabilities And Probable Programs  Included  
NIE8 1957-03-12 Soviet Capabilities And Probable Programs In The Guided Missile Field  Included  
NIE9 1958-08-19 Soviet Capabilities In Guided Missiles And Space Vehicles Included Included  
NIE10 1959-09-08 Soviet Capabilities In Guided Missiles And Space Vehicles Included Included  
NIE11 1959-11-03 Soviet Capabilities In Guided Missiles And Space Vehicles Included Included  
NIE12 1961-04-25 Soviet Technical Capabilities In Guided Missiles And Space Vehicles Included Included  
NIE13 1962-12-05 The Soviet Space Program Included Included Included 
NIE14 1965-01-27 The Soviet Space Program Included Included Included 
NIE15 1967-03-02 The Soviet Space Program Included Included Included 
NIE16 1969-06-19 The Soviet Space Program Included Included Included 
NIE17 1969-06-23 Soviet Strategic Attack Forces Included Included  
NIE18 1970-03-26 The Soviet Space Program Included Included Included 
NIE19 1971-07-01 The Soviet Space Program Included Included Included 
NIE20 1973-12-20 Soviet Space Programs Included Included Included 
NIE21 1974-10-15 A Soviet Land-Mobile ICBM: Evidence Of Development And Considerations Affecting 

A Decision On Deployment 
Included Included  

NIE22 1975-11-15 Soviet Dependence on Space Systems Included Included Included 
NIE23 1980-08-06 Soviet Military Capabilities And Intentions In Space Included Included  
NIE24 1982-10-15 The Technology Acquisition Efforts Of The Soviet Intelligence Services Included Included  
NIE25 1983-07-15 The Soviet Space Program Included Included Included 
NIE26 1984-11-15 Potential For The Transfer Of Space Technology To The Soviet Union Included Included  
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NIE27 1984-12-15 Soviet Approach To Nuclear Winter Included Included  
NIE28 1985-12-15 Soviet Space Programs Included Included Included 
NIE29 1986-03-15 Soviet Military Production, 1974-85 Included Included  
NIE30 1987-06-15 Soviet Military Production, 1975-86 Included Included  
NIE31 1988-09-15 Soviet Reusable Space Systems Program: Implications for Space Operations in the 1990s Included Included Included 
NIE32 1991-08-08 Soviet Capabilities For Strategic Nuclear Conflict Through the Year 2000 Included Included  

Notes:  For sources see data appendix section 2.2.  This table lists the National Intelligence Estimates of Soviet Space Capabilities that are used in this paper.  Our baseline measure of High Space 
Capability uses NIE documents #9 to #32 (i.e., those from 1958 and beyond).  Our All-NIE High Space Capability measure uses all available relevant NIE documents #1 to #32.  Our space-exclusive-
NIE High Space Capability measure uses NIE documents indicated in the last column.
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Table A2: 25 Most Frequent Science Direct Technology Topics in NASA Patent Documents 

Unstemmed Term Stemmed Term Topic Rank in 
 NASA Patents 

Topic Rank in  
NIE Documents 

Aircraft aircraft 1 17 
Antennae antenna 2 99 
Nationalism nation 3 14 
Transducer transduc 4 13652.5 
Amplitudes amplitud 5 13652.5 
Spacecraft spacecraft 6 13 
Specimen specimen 7 649.5 
Governance govern 8 70.5 
Modelers model 9 78.5 
Wavelength wavelength 10 832.5 
United States of America unit state of america 11 1246.5 
Instrumentalism instrument 12 53.5 
Propellant propel 13 32.5 
Reflectors reflector 14 1246.5 
Waveform waveform 15 1246.5 
Equator equat 16 399.5 
Provisioning provis 17 155.5 
Satellites satellit 18 3 
Emittance emitt 19 649.5 
Multiplication multipl 20 73.5 
Acceleration acceler 21 399.5 
Ceramer ceram 22 13652.5 
Factorization factor 23 23 
Minimality minim 24 214 
Actualization actual 25 51 

Notes: The first column reports the Science Direct Technology Topic in unstemmed form and the second column reports the stemmed form of the 
Science Direct topic. The third and fourth columns report the ranking of each term with respect to its appearance in NASA patent documents and 
in the CIA National Intelligence Estimates of Soviet Space Capabilities documents, respectively.
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Table A3: 25 Most Frequent Science Direct Technology Topics in National Intelligence 
Estimates of Soviet Space Capabilities Documents 

Unstemmed Term Stemmed Term Topic Rank in  
NASA Patents 

Topic Rank in  
NIE Documents 

Missiles missil 762 1 
USSR ussr 16565 2 
Satellites satellit 18 3 
Estimability estim 138 4 
Orbitals orbit 34 5 
Secretions secret 8846 6 
Intelligibility intellig 1782.5 7 
Defensiveness defens 8115.5 8 
Scientification scientif 947.5 9 
Warhead warhead 18245.5 10 
Directorate director 2392 11 
Payload payload 165.5 12 
Spacecraft spacecraft 6 13 
Nationalism nation 3 14 
Westernization western 6151.5 15 
Germanate german 4295 16 
Aircraft aircraft 1 17 
Mobilization mobil 476 18 
Altitude altitud 198 19 
Space Stations space station 183 20 
Reconnaissance reconnaiss 13452.5 21 
Lates late 1745 22 
Factorization factor 23 23 
Basicity basic 81 24 
Economics econom 493 25 

Notes: The first column reports the Science Direct Technology Topic in unstemmed form and the second column reports the stemmed form of the 
Science Direct topic. The third and fourth columns report the ranking of each term with respect to its appearance in NASA patent documents and 
in the CIA National Intelligence Estimates of Soviet Space Capabilities documents, respectively.
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Table A4: 25 Most Frequent Science Direct Technology Topics Occurring in Top 0.5% of both 
NASA patents and NIE documents 

Unstemmed Term Stemmed Term Topic Rank in  
NASA Patents 

Topic Rank in  
NIE Documents 

Nationalism nation 3 14 
Aircraft aircraft 1 17 
Spacecraft spacecraft 6 13 
Satellites satellit 18 3 
Orbitals orbit 34 5 
Propellant propel 13 32.5 
Factorization factor 23 23 
Instrumentalism instrument 12 53.5 
Actualization actual 25 51 
Governance govern 8 70.5 
Observability observ 40 41.5 
Modelers model 9 78.5 
Multiplication multipl 20 73.5 
Antennae antenna 2 99 
Basicity basic 81 24 
Publicity public 73 46 
Calibrator calibr 52 91 
Identifiability identifi 95 50 
Physicalism physic 61 88.5 
Criticality critic 108 45 
Pastes past 130.5 27 
Simulators simul 54 106.5 
Affectivity affect 127 40 
Interference interfer 128 55.5 
Commercialization commerci 106 97.5 

Notes: The first column reports the Science Direct Technology Topic in unstemmed form and the second column reports the stemmed form of the 
Science Direct topic. The third and fourth columns report the ranking of each term with respect to its appearance in NASA patent documents and 
in the CIA National Intelligence Estimates of Soviet Space Capabilities documents, respectively. The set of terms represented in this table are the 
top 25 terms in the intersection of the top 132 terms from the NASA patents and the top 132 terms in the NIE documents. 
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Table A5: Soviet Space Intelligence Similarity and NASA patents 

Dependent Variable= NASA Patent 
 (1) (2) (3) (4) 
Space Capability Score 0.181 

(0.004) 
0.175 

(0.004) 
0.091 

(0.004) 
0.062 

(0.004) 
Army Patent   -0.080 

(0.001) 
-0.091 
(0.001) 

Navy Patent   -0.080 
(0.001) 

-0.077 
(0.001) 

Government Patent   0.0781 
(0.000) 

0.077 
(0.000) 

     
Year Fixed Effect Y Y Y Y 
NBER Technology Subcategory Fixed Effects  Y Y Y 
County Fixed Effects    Y 
R2 0.004 0.005 0.079 0.125 
Observations 897,732 897,732 897,732 897,732 

Notes: Each column in the table reports the results from estimating one version of equation (A2.2.1) in the appendix.  The unit of observation is 
patent level.  The space score variable measures the cosign similarity between the CIA National Intelligence Estimates of Soviet Space 
Capabilities texts between 1958 and 1992 and the text of the reference patent using the Science Direct technology terms corpus, as described in 
the text and data appendix.  The model in column (1) includes year fixed effects, the model in columns (2) also includes NBER technology 
subcategory fixed effects, the model in column (3) further includes indicator variables for whether the Army, Navy, or other government agency 
was the owner or funder of the patent. Finally, column (4) further adds county fixed effects.  
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TABLE A6: Correlation Between NASA and Military Measures  

 NASA Spending Military Spending NASA Patents Army Patents Navy Patents Gov. Patents 
NASA Spending 1      
Military Spending 0.0230 1     
NASA Patents 0.5109 0.0375 1    
Army Patents 0.0511 -0.0039 0.1630 1   
Navy Patents 0.1947 0.0136 0.4556 0.3365 1  
Gov.  Patents 0.2990 -0.0071 0.6252 0.3765 0.6394 1 

Notes: Definitions and sources for the various spending and patent measures are in the data appendix. The data are reported at the industry-county level, except for Military Spending which is a county-
level measure that is applied to all observations within a specific county. 
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TABLE A7: Space Capability and Manufacturing – Dynamic Effects 

Dependent Variable = Log(Value Addijt) Log(Employijt) Log(Capitalijt) Log(TFPijt) 
 (1) (2) (3) (4) 
        
High Space Capabilityij<1958 × Year=1947t × Space Indj -0.02 

(0.12) 
0.15 

(0.11) 
-0.22 
(0.30) 

-0.09 
(0.08) 

High Space Capabilityij<1958 × Year=1954t × Space Indj 0.04 
(0.16) 

0.08 
(0.16) 

-0.29 
(0.27) 

0.05 
(0.06) 

High Space Capabilityij<1958 × Year=1958t × Space Indj 

 
0 0 0 0 

High Space Capabilityij<1958 × Year=1963t × Space Indj 0.46 
(0.09) 

0.51 
(0.09) 

0.10 
(0.18) 

0.04 
(0.04) 

High Space Capabilityij<1958 × Year=1967t × Space Indj 0.45 
(0.07) 

0.57 
(0.08) 

0.22 
(0.17) 

-0.04 
(0.05) 

High Space Capabilityij<1958 × Year=1972t × Space Indj 

 
0.21 

(0.10) 
0.35 

(0.09) 
0.21 

(0.15) 
-0.10 
(0.03) 

High Space Capabilityij<1958 × Year=1977t × Space Indj 

 
0.45 

(0.13) 
0.45 

(0.10) 
0.30 

(0.16) 
0.04 

(0.05) 
High Space Capabilityij<1958 × Year=1982t × Space Indj 

 
0.63 

(0.17) 
0.65 

(0.18) 
0.66 

(0.17) 
-0.02 
(0.03) 

High Space Capabilityij<1958 × Year=1987t × Space Indj 
 

0.20 
(0.09) 

0.24 
(0.11) 

0.39 
(0.16) 

-0.07 
(0.04) 

High Space Capabilityij<1958 × Year=1992t × Space Indj 

 
0.16 

(0.15) 
0.17 

(0.13) 
0.37 

(0.23) 
-0.06 
(0.05) 

County Fixed Effects Y Y Y Y 
Year Fixed Effects Y Y Y Y 
Pre-1958 Patents × Year Fixed Effects Y 

Y 
Y Y Y 

Industry Fixed Effects  Y Y Y 
Industry × Year Fixed Effects Y Y Y Y 
R2 0.68 0.56 0.46 0.86 
Observations 6,759 6,759 6,759 6,759 

Notes: Data are drawn from National Intelligence Estimate, Census of Manufactures, and United States Patent and Trademark data from 1947 to 1992, as described in the data appendix. The unit of 
observation is 2-digit SIC industry × county × year, indexed by j, i, t, respectively. Each column in the table reports the results from estimating one version of equation (2) in the text.  Log(TFP) is 
defined as log(Aijt) from estimating the production function !!"# = #!"#$!"#$ %!"#%  by OLS. High Space Capabilityij<1958 is an indicator variable reflecting a county-industry’s being above median in terms of 
the similarity between the technologies present in its pre-1958 patents and the National Intelligence Estimates of Soviet Space Capabilities between 1958 and 1992, as described in the text and appendix.  
Space Race years are 1963, 1967 and 1972.  Post-Space Race years are 1977, 1982, 1987, and 1992.  Space Indj is an indicator variable for the industry j being a space industry.  The models in all 
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columns include county, industry, and year fixed effects, the count of pre-1958 patents in a county × year fixed effects, and industry × year fixed effects. Main entries report coefficient estimates. 
Standard errors are two-way clustered at the MSA × Industry level and are reported in parentheses. 
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TABLE A8: Space Capability and Manufacturing – Saturated Models 

Dependent Variable = Log(Value Addijt) Log(Employijt) Log(Capitalijt) Log(TFPijt) 
 (1) (2) (3) (4) (5) (6) (7) (8) 
         
High Space Capabilityij<1958 × Space Racet × Space Indj 0.42 

(0.19) 
0.00 

(0.25) 
0.49 

(0.18) 
-0.02 
(0.26) 

0.20 
(0.20) 

0.80 
(0.26) 

-0.01 
(0.08) 

-0.16 
(0.05) 

High Space Capabilityij<1958 × Post- Space Racet × Space Indj 0.24 
(0.13) 

-0.13 
(0.07) 

0.32 
(0.11) 

-0.14 
(0.10) 

0.45 
(0.15) 

1.03 
(0.25) 

-0.10 
(0.05) 

-0.24 
(0.07) 

County Fixed Effects Y Y Y Y Y Y Y Y 
Industry Fixed Effects Y Y Y Y Y Y Y Y 
Year Fixed Effects Y Y Y Y Y Y Y Y 
Pre-1958 Patentsij × Year Fixed Effects Y Y Y Y Y Y Y Y 
Industry × Year Fixed Effects Y Y Y Y Y Y Y Y 
County × Year Fixed Effects Y Y Y Y Y Y Y Y 
Industry × County Fixed Effects  Y  Y  Y  Y 
R2 0.72 0.95 0.60 0.93 0.48 0.80 0.88 0.92 
Observations 6,715 6,715 6,715 6,715 6,715 6,715 6,715 6,715 

Notes: Data are drawn from National Intelligence Estimate, Census of Manufactures, and United States Patent and Trademark data from 1947 to 1992, as described in the data appendix. The unit of 
observation is 2-digit SIC industry × county × year, indexed by j, i, and t, respectively. Each column in the table reports the results from estimating one version of equation (1) in the text.  Log(TFP) is 
defined as log(Aijt) from estimating the production function !!"# = #!"#$!"#$ %!"#%  by OLS.  High Space Capabilityij<1958 is an indicator variable reflecting a county-industry’s being above median in terms of 
the similarity between the technologies present in its pre-1958 patents and the National Intelligence Estimates of Soviet Space Capabilities between 1958 and 1992, as described in the text and appendix.  
Space Race years are 1963, 1967 and 1972.  Post-Space Race years are 1977, 1982, 1987, and 1992.  Space Indj is an indicator variable for the industry j being a space industry.  The models in all 
columns includes county, industry, and year fixed effects, and the count of pre-1958 patents in a county × year fixed effects.  The models in column (2), (4), (6) and (8) also include MSA × year fixed 
effects. Main entries report coefficient estimates.  Standard errors are two-way clustered at the MSA × industry level and are reported in parentheses.   
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TABLE A9: Space Capability and Manufacturing– Broad Space Industry Categorization 

Dependent Variable = Log(Value Addijt) Log(Employijt) Log(Capitalijt) Log(TFPijt) 
 (1) (2) (3) (4) (5) (6) (7) (8) 
         
High Space Capabilityij<1958 × Space Racet × Space Indj 0.23 

(0.09) 
0.24 

(0.10) 
0.27 

(0.10) 
0.28 

(0.11) 
0.14 

(0.13) 
0.12 

(0.14) 
0.00 

(0.04) 
0.00 

(0.05) 
High Space Capabilityij<1958 × Post- Space Racet × Space Indj 0.49 

(0.07) 
0.47 

(0.07) 
0.46 

(0.06) 
0.43 

(0.07) 
0.48 

(0.12) 
0.46 

(0.13) 
0.03 

(0.06) 
0.03 

(0.06) 
County Fixed Effects Y Y Y Y Y Y Y Y 
Industry Fixed Effects Y Y Y Y Y Y Y Y 
Year Fixed Effects Y Y Y Y Y Y Y Y 
Pre-1958 Patentsij × Year Fixed Effects Y Y Y Y Y Y Y Y 
MSAi × Year Fixed Effects  Y  Y  Y  Y 
R2 0.67 0.68 0.53 0.56 0.40 0.46 0.85 0.86 
Observations 6,759 6,759 6,759 6,759 6,759 6,759 6,759 6,759 

Notes: Data are drawn from National Intelligence Estimate, Census of Manufactures, and United States Patent and Trademark data from 1947 to 1992, as described in the data appendix. The unit of 
observation is 2-digit SIC industry × county × year, indexed by j, i, and t, respectively. Each column in the table reports the results from estimating one version of equation (1) in the text.  Log(TFP) is 
defined as log(Aijt) from estimating the production function !!"# = #!"#$!"#$ %!"#%  by OLS.  High Space Capabilityij<1958 is an indicator variable reflecting a county-industry’s being above median in terms of 
the similarity between the technologies present in its pre-1958 patents and the National Intelligence Estimates of Soviet Space Capabilities between 1958 and 1992, as described in the text and appendix.  
Space Race years are 1963, 1967 and 1972.  Post-Space Race years are 1977, 1982, 1987, and 1992.  Space Indj is an indicator variable for the industry j being a space industry.  The models in all 
columns includes county, industry, and year fixed effects, and the count of pre-1958 patents in a county × year fixed effects.  The models in column (2), (4), (6) and (8) also include MSA × year fixed 
effects. Main entries report coefficient estimates.  Standard errors are two-way clustered at the MSA × industry level and are reported in parentheses.   
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TABLE A10: Space Capability and Manufacturing – Alternative Inference Procedures  

Dependent Variable = Log(Value Addijt) Log(Employijt) Log(Capitalijt) Log(TFPijt) 
 (1) (2) (3) (4) (5) (6) (7) (8) 
         
High Space Capabilityij<1958 × Space Racet × Space Indj 0.35 0.38 0.42 0.45 0.31 0.25 -0.04 -0.03 

Cluster = County (0.12) (0.13) (0.11) (0.12) (0.26) (0.21) (0.06) (0.05) 
Cluster = County × Industry (0.08) (0.09) (0.09) (0.10) (0.13) (0.15) (0.03) (0.03) 

Cluster = State (0.09) (0.10) (0.08) (0.09) (0.24) (0.19) (0.06) (0.06) 
Cluster = State × Industry (0.06) (0.06) (0.08) (0.08) (0.09) (0.15) (0.03) (0.04) 

Spatial = HAC-100 
 

(0.11) (0.12) (0.10) (0.10) (0.21) (0.16) (0.06) (0.04) 

High Space Capabilityij<1958 × Post-Space Racet × Space Indj 0.38 0.36 0.36 0.34 0.56 0.50 -0.02 -0.02 
Cluster = County (0.13) (0.13) (0.12) (0.12) (0.29) (0.23) (0.06) (0.05) 

Cluster = County × Industry (0.08) (0.11) (0.10) (0.13) (0.17) (0.15) (0.03) (0.03) 
Cluster = State (0.12) (0.13) (0.11) (0.11) (0.27) (0.20) (0.07) (0.06) 

Cluster = State × Industry (0.07) (0.11) (0.09) (0.13) (0.11) (0.13) (0.03) (0.03) 
Spatial = HAC-100 

 
(0.13) (0.14) (0.12) (0.12) (0.22) (0.18) (0.05) (0.04) 

County Fixed Effects Y Y Y Y Y Y Y Y 
Year Fixed Effects Y Y Y Y Y Y Y Y 
Pre-1958 Patents × Year Fixed Effects Y Y Y Y Y Y Y Y 
Industry Fixed Effects  Y Y Y Y Y Y Y Y 
Industry × Year Fixed Effects  Y  Y  Y  Y 
R2 0.66 0.68 0.52 0.55 0.40 0.46 0.85 0.86 
Observations 6,759 6,759 6,759 6,759 6,759 6,759 6,759 6,759 

Notes: This table is analogous to Table 3 in the main paper with alternative inference procedures applied. See Table 3 in the main paper for additional information on notes and sources. The differences 
here are that the first parentheses row clusters standard error by county, the second parentheses row clusters standard errors two-way by county × industry, the third parentheses row clusters the standard 
errors by state, the fourth parentheses row clusters standard errors two-way by state × industry, and the last parentheses row computes standard errors using a spatial HAC procedure with a 100km 
cutoff.  
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 TABLE A11: Space Capability and Manufacturing – Heterogeneous Effects and Correlated Share Robustness 

Dependent Variable = Log(Value Addijt) Log(Employijt) Log(Capitalijt) Log(TFPijt) 
Method: HR SS HR SS HR SS HR SS 

 (1) (2) (3) (4) (5) (6) (7) (8) 
         
High Space Capabilityij<1958 × After Sputnikt × Space Indj 0.809 

(0.325) 
 

0.441 
(0.067) 

0.822 
(0.327) 

0.461 
(0.056) 

0.098 
(0.873) 

0.305 
(0.071) 

0.155 
(0.312) 

0.019 
(0.008) 

County Fixed Effects Y Y Y Y Y Y Y Y 
Year Fixed Effects Y Y Y Y Y Y Y Y 
Observations 3,158 6,759 3,158 6,759 3,158 6,759 3,158 6,759 

Notes: This table is analogous to Table 3 in the main paper, where the reader can find notes and sources. The differences here are that After Sputnik takes a value of one in years 1963, 1967, 1972, 1977, 
1982, 1987, and 1992, and zero before. The estimates in columns (1), (3), (5), (7) are computed using the heterogeneous effect robustness methods in de Chaisemartin and D'Haultfœuille (2020).  The 
estimates in columns (2), (4), (5), (6) compute standard errors allowing for correlation across units depending on the sector shares utilizing methods in Adão, Kolesár, and Morales (2019).  The unit of 
observation is 2-digit SIC industry × county × year, indexed by j, i, t, respectively.  The models in all columns include county fixed effects and year fixed effects.  Standard errors are clustered at the 
MSA level. 
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TABLE A12: Space Capability and Manufacturing Productivity Growth 

Dependent Variable = 	&'()*+,!"#-.&'((*+,!"#$%)&'((*+,!"#$%)
 

 (1) (2) 
High Space Capabilityij<1958 × Space Racet × Space Indj -7.54 

(10.17) 
-8.68 

(10.57) 
High Space Capabilityij<1958 × Post-Space Racet × Space Indj -7.65 

(6.87) 
-4.94 
(4.91) 

County Fixed Effects Y Y 
Year Fixed Effects Y Y 
Pre-1958 Patents × Year Fixed Effects Y 

Y 
Y 

Industry Fixed Effects  Y 
Industry × Year Fixed Effects  Y 
R2 0.04 0.24 
Observations 6,024 6,024 

Notes: Data are drawn from National Intelligence Estimate, Census of Manufactures, and United States Patent and Trademark data from 1947 to 1992, as described in the data appendix.  The unit of 
observation is 2-digit SIC industry × county × year, indexed by j, i, t, respectively.  Each column in the table reports the results from estimating one version of equation (2) in the text.  Log(TFP) is 
defined as log(Aijt) from estimating the production function !!"# = #!"#$!"#$ %!"#%  by OLS. High Space Capabilityij<1958 is an indicator variable reflecting a county-industry’s being above median in terms of 
the similarity between the technologies present in its pre-1958 patents and the National Intelligence Estimates of Soviet Space Capabilities between 1958 and 1992, as described in the text and appendix.  
Space Race years are 1963, 1967 and 1972.  Post-Space Race years are 1977, 1982, 1987, and 1992.  Space Indj is an indicator variable for the industry j being a space industry.  The models in all 
columns include county, industry, and year fixed effects, and the count of pre-1958 patents in a county × year fixed effects.  The model in column (2) also includes industry × year fixed effects.     Main 
entries report coefficient estimates. Standard errors are two-way clustered at the MSA × Industry level and are reported in parentheses. 
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TABLE A13: NASA Spending and Manufacturing – IV Models 

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

First Stage: Dependent Variable = Any NASA Spendingijt 
 

High Space Capabilityij<1958 × After Sputnikt × Space Indj 0.07 
(0.02) 

0.07 
(0.02) 

0.07 
(0.02) 

0.07 
(0.02) 

     
F-Statistic: 

 
22.09 

[0.0002] 
22.09 

[0.0002] 
22.09 

[0.0002] 
22.09 

[0.0002] 
     

Second Stage: Dependent Variable=   Log(Value Addijt) Log(Employijt) Log(Capitalijt) Log(TFPijt) 
 
Any NASA Spendingijt 
 

 
4.96 

(1.89) 

 
5.24 

(2.07) 

 
6.10 

(2.60) 

 
-0.43 
(0.40) 

     
County Fixed Effects Y Y Y Y 
Year Fixed Effects Y Y Y Y 
Pre-1958 Patents × Year Fixed Effects Y 

Y 
Y Y Y 

Industry Fixed Effects  Y Y Y 
Observations 6,759 6,759 6,759 6,759 

Notes: Data are drawn from National Intelligence Estimate, Census of Manufactures, and United States Patent and Trademark data from 1947 to 1992, as described in the data appendix.  The unit of 
observation is 2-digit SIC industry × county × year, indexed by j, i, t, respectively. Each column in the table reports the results from estimating a modified version of equation (1) in the text where Space  
Race and Post Space Race interactions are replaced with a single interaction After Sputnik.  Log(TFPijt) is defined as log(Aijt) from estimating the production function !!"# = #!"#$!"#$ %!"#%  by OLS. High 
Space Capabilityij<1958 is an indicator variable reflecting a county-industry’s being above median in terms of the similarity between the technologies present in its pre-1958 patents and the National 
Intelligence Estimates of Soviet Space Capabilities between 1958 and 1992, as described in the text and appendix.  After Sputnik year are 1963, 1967,1972, 1977, 1982, 1987, and 1992.  Space Indj is an 
indicator variable for the industry j being a space industry.  The models in all columns include county, industry, and year fixed effects, and the count of pre-1958 patents in a county × year fixed effects.  
Panel A reports the first-stage estimate where Any NASA Spendingijt is the left hand side variable, which is an indicator variable taking the value of 1 if the industry-county combination received any 
NASA funding in year t.  Panel B reports the instrumental variables estimate where High Space Capabilityij<1958 × After Sputnikt × Space Indj  is the excluded instrument.  Main entries report coefficient 
estimates. Standard errors are two-way clustered at the MSA × Industry level and are reported in parentheses. 
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TABLE A14: Space Industries and Manufacturing – Industry Level 

Dependent Variable = Log(Value Addedjt) Log(Employmentjt) Log(Capitaljt) Log(TFPjt) 
 (1) (2) (3) (4) 
     
Space Indj × Space Racet 0.33 

(0.09) 
0.24 

(0.14) 
0.13 

(0.03) 
0.04 

(0.08) 
Space Indj × Post-Space Racet 0.41 

(0.19) 
0.31 

(0.19) 
0.42 

(0.14) 
0.05 

(0.10) 
Year Fixed Effects Y Y Y Y 
Industry Fixed Effects  Y Y Y Y 
R2 0.93 0.93 0.97 0.97 
Observations 190 190 190 190 

Notes: Data are drawn from Manufacturing Census data from 1947 to 1992, as described in the data appendix. The unit of observation is 2-digit SIC industry × year, indexed by j and t, respectively.   
Log(TFPjt) is defined as log(Aijt) from estimating the production function !!"# = #!"#$!"#$ %!"#%  by OLS, then taking the mean of this measure by industry to compute industry-level productivity. Each 
column in the table reports the results from estimating a modified version of equation (1) in the text without county fixed effects or 1958 patent-count controls included.  Space Race years are 1963, 
1967 and 1972.  Post-Space Race years are 1977, 1982, 1987, and 1992.  All models include industry and year fixed effects.  Main entries report coefficient estimates.  Standard errors are clustered at 
the industry level and are reported in parentheses.  
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TABLE A15: Space Capability and Manufacturing – Non-Space Industries   

Dependent Variable = Log(Value 
Addijt) 

Log(Employijt) Log(Capitalijt) Log(TFPijt) 

 (1) (2) (3) (4) (5) (6) (7) (8) 
         
High Space Capabilityij<1958 × Space Racet  -0.06 

(0.07) 
-0.06 
(0.07) 

-0.07 
(0.06) 

-0.07 
(0.06) 

-0.05 
(0.09) 

-0.05 
(0.09) 

0.00 
(0.02) 

0.00 
(0.02) 

High Space Capabilityij<1958 × Post-Space Racet  0.04 
(0.08) 

0.04 
(0.08) 

0.06 
(0.07) 

0.06 
(0.07) 

-0.01 
(0.08) 

-0.01 
(0.08) 

-0.01 
(0.02) 

-0.01 
(0.02) 

County - High Space Capabilityij<1958 × Space Racet  -0.14 
(0.43) 

 -0.09 
(0.33) 

 -1.09 
(1.39) 

 0.18 
(0.28) 

County - High Space Capabilityij<1958 × Post-Space Racet 
 
 

 0.86 
(0.64) 

 1.02 
(0.58) 

 -0.81 
(1.47) 

 0.26 
(0.28) 

County Fixed Effects Y Y Y Y Y Y Y Y 
Year Fixed Effects Y Y Y Y Y Y Y Y 
Pre-1958 Patents × Year Fixed Effects Y Y Y Y Y Y Y Y 
Industry Fixed Effects  Y Y Y Y Y Y Y Y 
Industries Included in Sample Non-

Space 
Non-
Space 

Non-
Space 

Non-
Space 

Non-
Space 

Non-
Space 

Non-
Space 

Non-
Space 

R2 0.66 0.66 0.52 0.52 0.39 0.40 0.86 0.86 
Observations 6,077 6,077 6,077 6,077 6,077 6,077 6,077 6,077 

Notes: This table is analogous to Table 3 in the main paper.  See Table 3 for sources and definition of Log(TFPijt). The version here differs from Table 3 in that only data from the non-space industries 
are used.  The unit of observation is 2-digit SIC industry × county × year, indexed by j, i, t, respectively. High Space Capabilityij<1958 is an indicator variable reflecting a county-industry’s being above 
median in terms of the similarity between the technologies present in its pre-1958 patents and the National Intelligence Estimates of Soviet Space Capabilities between 1958 and 1992, as described in the 
text and appendix.  Space Race years are 1963, 1967 and 1972.  Post-Space Race years are 1977, 1982, 1987, and 1992.  County - High Space Capabilityij<1958 is the average of the space score in county i 
amongst the space sector firms.  The models in all columns include county, industry, and year fixed effects, and the count of pre-1958 patents in a county × year fixed effects.  Main entries report 
coefficient estimates.  Standard errors are two-way clustered at the MSA × industry level and are reported in parentheses.  
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TABLE A16: Space Capability and Manufacturing – US Space Technology Similarity Measures 

Dependent Variable = Log(Value 
Addijt) 

Log(Employijt) Log(Capitalijt) Log(TFPijt) 

 (1) (2) (3) (4) (5) (6) (7) (8) 
         
US High Space Capabilityij<1958 × Space Racet × Space Indj 0.34 

(0.09) 
0.36 

(0.10) 
0.40 

(0.09) 
0.43 

(0.10) 
0.47 

(0.10) 
0.39 

(0.13) 
-0.08 
(0.03) 

-0.05 
(0.04) 

US High Space Capabilityij,<1958 × Post-Space Racet × Space Indj 0.40 
(0.11) 

0.39 
(0.13) 

0.36 
(0.11) 

0.36 
(0.13) 

0.71 
(0.08) 

0.60 
(0.15) 

-0.04 
(0.02) 

-0.02 
(0.04) 

County Fixed Effects Y Y Y Y Y Y Y Y 
Year Fixed Effects Y Y Y Y Y Y Y Y 
Pre-1958 Patents × Year Fixed Effects Y Y Y Y Y Y Y Y 
Industry Fixed Effects  Y Y Y Y Y Y Y Y 
Industry × Year Fixed Effects N Y N Y N Y N Y 
R2 0.66 0.68 0.53 0.55 0.40 0.45 0.85 0.86 
Observations 6,747 6,747 6,747 6,747 6,747 6,747 6,747 6,747 

Notes: This table is analogous to Table 3 in the main paper.   This version differs in that the High Space Capability measure uses similarity to US space technology to create the High Space Capability 
measure.  US High Space Capabilityij<1958 is an indicator variable reflecting a county-industry’s being above median in terms of the similarity between the technologies present in its pre-1958 patents and 
NASA patents between 1958 and 1992, as described in the text and appendix. Otherwise, notes and sources in Table 3 remain the same. 
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TABLE A17: Space Capability and Manufacturing – Alternative Text Processing Methods 

Dependent Variable = Log(Value Addijt) Log(Employijt) Log(Capitalijt) Log(TFPijt) 
 (1) (2) (3) (4) 
Panel A: Mean-Based Space Score      
Mean Space Scoreij<1958 × Space Racet × Space Indj 43.28 

(5.03) 
46.84 
(8.72) 

41.52 
(17.10) 

-1.98 
(5.13) 

Mean Space Scoreij<1958 × Post-Space Racet × Space Indj 51.38 
(9.49) 

44.95 
(12.15) 

70.03 
(22.43) 

1.24 
(5.40) 

Panel B: Unstemmed Text Processing     
High Space Capabilityij<1958 × Space Racet × Space Indj 0.36 

(0.10) 
0.38 

(0.10) 
0.22 

(0.23) 
0.01 

(0.03) 
High Space Capabilityij<1958 × Post-Space Racet × Space Indj 0.42 

(0.16) 
0.41 

(0.14) 
0.46 

(0.27) 
0.00 

(0.02) 
Panel C: All Documents     
High Space Capabilityij<1958 × Space Racet × Space Indj 0.30 

(0.05) 
0.36 

(0.07) 
0.27 

(0.13) 
-0.04 
(0.04) 

High Space Capabilityij<1958 × Post-Space Racet × Space Indj 0.33 
(0.08) 

0.30 
(0.11) 

0.50 
(0.17) 

-0.02 
(0.03) 

Panel D: Space Exclusive Documents Only     
High Space Capabilityij<1958 × Space Racet × Space Indj 0.31 

(0.03) 
0.36 

(0.06) 
0.36 

(0.09) 
-0.04 
(0.03) 

High Space Capabilityij<1958 × Post-Space Racet × Space Indj 0.40 
(0.05) 

0.35 
(0.08) 

0.62 
(0.09) 

0.00 
(0.03) 

Panel E: Above Median – County Level      
High Space Capabilityj<1958 × Space Racet × Space Indj 0.23 

(0.09) 
0.28 

(0.08) 
0.28 

(0.13) 
-0.04 
(0.04) 

High Space Capabilityj<1958 × Post-Space Racet × Space Indj 0.33 
(0.08) 

0.35 
(0.06) 

0.57 
(0.18) 

-0.06 
(0.03) 

Panel F: Above 75th Percentile – County Level     
High Space Capabilityj<1958 × Space Racet × Space Indj 0.18 

(0.12) 
0.24 

(0.10) 
0.22 

(0.10) 
-0.06 
(0.04) 

High Space Capabilityj<1958 × Post-Space Racet × Space Indj 0.29 
(0.09) 

0.31 
(0.09) 

0.51 
(0.16) 

-0.06 
(0.04) 

 
County Fixed Effects 

 
Y 

 
Y 

 
Y 

 
Y 

Year Fixed Effects Y Y Y Y 
Pre-1958 Patents × Year Fixed Effects Y 

Y 
Y Y Y 

Industry Fixed Effects  Y Y Y 
Observations 6,759 6,759 6,759 6,759 
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Notes: This table is analogous to Table 3 in the main paper but with alternative text processing procedures applied to create the High Space Capability measures.  Panel A replaces the above-median 
space score with the mean of the space score in the county-industry cell.  Panel B computes the above-median High Space Capability score using scientific terms without applying stemming.  Panel C 
computes the above-median High Space Capability score using all National Intelligence Estimates of Soviet Space Capabilities documents.  Panel D computes the above-median High Space Capability 
score using only National Intelligence Estimates of Soviet Space Capabilities documents that are space exclusive.  Panel E computes the above-median High Space Capability score at the county instead 
of the county-industry level.  Panel F computes the above-high High Space Capability score as being above the 75th percentile in the space score distribution instead of the median, at the county level. 
All other details follow those in Table 3 of the main paper. 
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TABLE A18: High Space Capability and Manufacturing: Text Based Military Patent Controls  

Dependent Variable = Log(Value Addijt) Log(Employijt) Log(Capitalijt) Log(TFPijt) 
 (1) (2) (3) (4) (5) (6) (7) (8) 
         
High Space Capabilityij<1958 × Space Racet × Space Indj 0.34 

(0.07) 
0.34 

(0.07) 
0.41 

(0.09) 
0.41 

(0.08) 
0.31 

(0.13) 
0.33 

(0.18) 
-0.04 
(0.03) 

-0.04 
(0.04) 

High Space Capabilityij<1958 × Space Racet × Space Indj 0.37 
(0.09) 

0.36 
(0.09) 

0.35 
(0.10) 

0.34 
(0.10) 

0.56 
(0.17) 

0.55 
(0.20) 

-0.02 
(0.03) 

-0.02 
(0.04) 

Additional Military Patent Controls:         
Military Text Patents Y Y Y Y Y Y Y Y 
Pre-1958 Patent Military Similarity × Year Fixed Effects  Y  Y  Y  Y 
R2 0.66 0.66 0.53 0.53 0.40 0.40 0.85 0.85 
Observations 6,759 6,741 6,759 6,741 6,759 6,741 6,759 6,741 

Notes: Data are drawn from National Intelligence Estimate, Census of Manufactures, and United States Patent and Trademark data from 1947 to 1992, as described in the data appendix. The unit of 
observation is 2-digit SIC industry × county × year, indexed by j, i, t, respectively. Each column in the table reports the results from estimating one version of equation (1) in the text.  Log(TFP) is 
defined as log(Aijt) from estimating the production function !!"# = #!"#$!"#$ %!"#%  by OLS. High Space Capabilityij<1958 is an indicator variable reflecting a county-industry’s being above median in terms of 
the similarity between the technologies present in its pre-1958 patents and the National Intelligence Estimates of Soviet Space Capabilities between 1958 and 1992, as described in the text and appendix.  
Space Race years are 1963, 1967 and 1972.  Post-Space Race years are 1977, 1982, 1987, and 1992.  Space Indj is an indicator variable for the industry j being a space industry.  The models in all 
columns include county, industry, and year fixed effects, and the count of pre-1958 patents in a county × year fixed effects.  The models in column (1), (3), (5) and (7) also include counts of text-based 
military patents as controls.  The models in column (2), (4), (6) and (8) also include pre-1958 similarity of patents to military technology × year fixed effects.  Main entries report coefficient estimates. 
Standard errors are two-way clustered at the MSA × industry level and are reported in parentheses.
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Exhibit A1: Science Direct Technology Terms and Intelligence-Patents Similarity Examples 

A. Intelligence Document (NIE13, p27) 

  

B. Similar Patent 
(3907225) 

 
  



 

 50 

C. Intelligence Document (NIE16, p15) 
 

 

D. Similar Patent 
(3232560) 
 

 
 
 
Notes: The highlighted words are Science Direct Technology Terms used to compute document similarity.  The 
NIA document displayed in panel A would be considered similar to the patent in panel B.  The NIE document in 
panel C is similar to the patent in panel D.   
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Map A1: NASA Locations, 1947-1992 

A. NASA Spending 

 

B. NASA Patents 

 
Sources:  See the data appendix under NASA spending and NASA patents.  
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Map A2: Military Locations, 1947-1992  

A. Military Contractor Spending 

 
B. Army Patents 

 
C. Navy Patents 

 
Sources:  See the data appendix under military spending and Army and Navy patents.  
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Figure A1: Dynamic Effects – NASA Patent Outcomes  
 

 

 

Notes and Sources: Data are drawn from National Intelligence Estimate and United States Patent and Trademark data from 1947 to 1992, as described in the data appendix.  The figure displays 
the results from estimating a modified version of equation (2) in the text. The outcome variable is a dummy variable taking the value of 1 if there were any patents in an industry-county in year t, 
and 0 otherwise, using annual data from 1958 to 1992 with the 1958 interaction with High Space Capability omitted.  The points plot the year by year coefficient estimates on the High Space 
Capabilityij,<1958 variable with the 95% confidence intervals indicated by the range. The omitted year is 1958, as indicated in equation (2) in the text.  Space Race years are 1963, 1967 and 1972.  
Post-Space Race years are 1977, 1982, 1987, and 1992.  The unit of observation is 2 digit SIC industry × county × year.  The model includes county, year fixed effects, the count of pre-1958 
patents in a county × year fixed effects, state × year fixed effects, and include industry fixed effects.  Standard errors are two-way clustered at the MSA × industry level. 

ß Space Race à  ß Post-Space Race à  
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Figure A2:  Space Capability and Manufacturing – Main Effect Dynamics 

Panel A: Log(Value Added) 

 

Panel B: Log(Employment) 

 
Panel C: Log(Capital) 

 

Panel D: Log (TFP) 

 
Notes: Data are drawn from National Intelligence Estimate, Census of Manufactures, and United States Patent and Trademark data from 1947 to 
1992, as described in the data appendix. The unit of observation is 2-digit SIC industry × county × year, indexed by j, i, and t, respectively. Each 
panel in the table displays the results from estimating one version of equation (2) in the text for the outcome indicated, with 1958 serving as the 
omitted base year.  The unit of observation is 2 digit SIC industry × county × year. Log(TFP) is defined as log(Aijt) from estimating the 
production function !!"# = #!"#$!"#$ %!"#%  by OLS.  The points plot year by year coefficients of High Space Capabilityij<1958 and Space Race and 
Post-Space Race era interactions with the 95% confidence intervals indicated by the range. Space race years are 1963, 1967 and 1972.  Post-
Space Race years are 1977, 1982, 1987, and 1992.  The models in all panels includes county, industry, and year fixed effects, and the count of 
pre-1958 patents in a county × year fixed effects.  Standard errors are two-way clustered at the MSA × industry level.  
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Figure A3: Leave One State Out Estimates – Space Race Era Estimates 

A. Log(Value Added)  
 

 

B. Log(Employment)  
 

 

C. Log(Capital)  
 

 

D. Log(TFP)  
 

 
Notes: The estimates shown here graphically follow the regression estimation (equation (1)) presented in Table 3, column (1) in the main paper.   
Log(TFP) is defined as log(Aijt) from estimating the production function !!"# = #!"#$!"#$ %!"#%  by OLS. Each panel in the table displays the 
coefficient from estimating one version of equation (1) in the text, but omitting one state at a time.  The Panels display coefficients and 95% 
confidence intervals for High Space Capabilityi,<1958 × Space Racet × Space Indt for each outcome.  
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Figure A4: Leave One State Out Estimates – Post- Space Race Era Estimates 

A. Log(Value Added)  
 

 

B. Log(Employment)  
 

 

C. Log(Capital)  
 

 

D. Log(TFP)  
 

 
Notes: The estimates shown here graphically follow the regression estimation (equation (1)) presented in Table 3, column (1) in the main paper.   
Log(TFP) is defined as log(Aijt) from estimating the production function !!"# = #!"#$!"#$ %!"#%  by OLS. Each panel in the table displays the 
coefficient from estimating one version of equation (1) in the text, but omitting one state at a time.  The Panels display coefficients and 95% 
confidence intervals for High Space Capabilityi,<1958 × Post Space Racet × Space Indt for each outcome.  
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Figure A5: Leave One Industry Out Estimates – Space Race Era Estimates 

A. Log(Value Added)  
 

 

B. Log(Employment)  
 

 

C. Log(Capital)  
 

 

D. Log(TFP)  
 

 
Notes: The estimates shown here graphically follow the regression estimation (equation (1)) presented in Table 3, column (1) in the main paper.   
Log(TFP) is defined as log(Aijt) from estimating the production function !!"# = #!"#$!"#$ %!"#%  by OLS. Each panel in the table displays the 
coefficient from estimating one version of equation (1) in the text, but omitting one industry at a time.  The Panels display coefficients and 95% 
confidence intervals for High Space Capabilityi,<1958 × Space Racet × Space Indt for each outcome.  
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Figure A6: Leave One Industry Out Estimates – Post- Space Race Era Estimates 

A. Log(Value Added)  
 

 

B. Log(Employment)  
 

 

C. Log(Capital)  
 

 

D. Log(TFP)  
 

 
Notes: The estimates shown here graphically follow the regression estimation (equation (1)) presented in Table 3, column (1) in the main paper.   
Log(TFP) is defined as log(Aijt) from estimating the production function !!"# = #!"#$!"#$ %!"#%  by OLS. Each panel in the table displays the 
coefficient from estimating one version of equation (1) in the text, but omitting one industry at a time.  The Panels display coefficients and 95% 
confidence intervals for High Space Capabilityi,<1958 × Post Space Racet × Space Indt for each outcome.  

  



 

 59 

Figure A7: Dynamic Effects – US Space Technology Similarity Measure 

Panel A: Log(Value Added) 

 
 

Panel B: Log(Employment) 

 

Panel C: Log(Capital) 

 

Panel D: Log (TFP) 

 
Notes: This figure is akin to Figure 5 in the main paper. The only exception is that an industry-county’s pre-1958 space capability was computed using post-Sputnik NASA patents instead of 
post-Sputnik Soviet technology.  
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