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Abstract

We study howuniversity commercialization infrastructure and external finance
shape academic scientists’ entry into entrepreneurship. We construct a novel panel
linking a quasi-universe of U.S. academic scientists across fields to business regis-
trations. Exploiting staggered technology transfer office (TTO) adoption across
universities in the wake of the Bayh-Dole Act, we find that TTO establishment in-
creases business formation by academic scientists. The effect is concentrated in
counties with stronger bankingmarkets and venture capital presence, and is larger
among lower-income scientists. Nevertheless, scientists at universities that adopt
TTOs experience a decline in publication output, potentially due to the realloca-
tion of effort from academic research to commercialization. These findings show
that commercialization infrastructure and external finance act as complements in
translating academic research into entrepreneurial activity.
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1 Introduction

University-based scientific research is widely recognized as a foundational input to

commercial innovation and economic growth (Babina et al., 2023; Jaffe, 1989; Lerner

et al., 2024; Nelson, 1986). Academic entrepreneurship represents an important path-

way for academic commercialization, because university inventions are frequently em-

bryonic; without dedicated development, these discoveries may never realize their

commercial potential (Jensen and Thursby, 2001; Marx and Hsu, 2022). Moreover, this

channel has profound implications for scientific career trajectories and economic dy-

namism. Thus, identifying the determinants of academic entrepreneurship is central

to understanding how science translates into economic activity.

Despite the importance of academic entrepreneurship, measuring it systematically

has been difficult. Entrepreneurial activity by individual scientists is hard to observe

at scale, and the institutional and financial environments that shape these decisions

usually evolve gradually rather than sharp changes. As a result, we know relatively less

about which university scientists enter entrepreneurship and how commercialization

infrastructure interacts with external finance in shaping this entry.

This paper addresses this gap by constructing novel individual-level data on a quasi-

universe of U.S. academic scientists and their entrepreneurial activity. The data com-

bine the historical source with nationwide business registration records and scientific

publications. This linked dataset allows us to document the prevalence, career tim-

ing, field distribution, and publication activities of academic scientist-entrepreneurs,

as well as the local external-finance environments in which they operate..

With the novel data, we begin by documenting a set of descriptive facts about aca-

demic scientist-entrepreneurs. Entrepreneurial entry is relatively rare, but it varies sub-

stantially across individuals, institutions, and fields. Scientists most commonly form

their first business inmid-career, with entry peaking around ages in the late 30s to early

40s. Entry rates are higher among scientists with higher income and advanced educa-

tional attainment. Finally, there is pronounced variation across fields, with engineering

and applied domains exhibiting substantially higher entry rates than life sciences and
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social sciences in our sample period.

We then study the establishment of technology transfer offices (TTOs) as a broader

institutional shift in universities’ commercialization infrastructure. We ask how the

emergence of TTOs encouraged academic entrepreneurship. We focus on the period

when TTOs proliferated across U.S. universities, creating a setting in which commer-

cialization infrastructure was still emerging rather than already fully institutionalized.

This setting is important because existing datasets often observe scientists only after

universities had established commercialization infrastructures.

Our empirical design exploits variation in the timing of TTO adoption across uni-

versities. While TTO formation was not randomly assigned, adoption was often deter-

mined at the state-system level for public universities, limiting the scope for individual

scientists to drive timing. Consistent with this institutional feature, we obtain similar

results when restricting the analysis to public universities. Moreover, the response is

stronger among scientists with lower pre-adoption income, who were plausibly less

likely to have the bargaining power or institutional influence needed to shape TTO es-

tablishment. These patternsweaken the concern that leading entrepreneurial scientists

both pushed for adoption and subsequently increased firm formation.

We document three pieces of empirical results. First, TTO adoption increases busi-

ness formation among academic scientists. Younger scientists and scientists with ad-

vanced degrees respond more strongly. The effects are stronger at universities with

weaker pre-existing industry links but greater government-funded research, where sci-

entistsmayhavemore commercializable ideas but fewer established commercialization

channels. The results are robust across different specifications.

Second, TTOs and external finance are complements in facilitating academic en-

trepreneurship. The effect of TTO establishment on business formation is concentrated

in counties with greater bank branch availability and an existing VC presence. More-

over, the effects are stronger among lower-income scientists, suggesting that the trans-

lation of these opportunities into entrepreneurial entry depends on access to capital.

This pattern highlights the important role of TTOs as intermediaries connecting inno-
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vative university projects with financing opportunities.

Lastly, TTO establishment is associated with a decline in scientists’ publication out-

put, suggesting a potential reallocation of effort from academic research toward com-

mercialization. Importantly, this decline is not driven by scientists who eventually

start businesses. Scientists who do not enter entrepreneurship experience a reduc-

tion in publications. Since observed business formation captures only realized en-

trepreneurial entry, the underlying reallocation of effort toward commercialization is

broader.

We add to the literature on university innovation and commercialization. Prior

work studies university patenting, licensing, and the organization of technology trans-

fer (Jensen and Thursby, 2001; Mowery et al., 2001; Thursby and Thursby, 2002; Siegel

et al., 2003). Relatedwork examines academic entrepreneurship and the effects of com-

mercialization incentives on scientific output (Azoulay et al., 2009; Toole and Czar-

nitzki, 2010; Marx and Hsu, 2022; Lerner et al., 2024). Closest to our paper, Stuart and

Ding (2006) studies entrepreneurial entry among academic life scientists, and Hvide

and Jones (2018) examines how ownership rights over university inventions shape

university innovation and entrepreneurship. We differ by constructing a broad U.S.

scientist-level panel, measuring business formation, and combining staggered TTO

establishment with variation in external capital supply to study which scientists are

drawn into entrepreneurship.

We contribute to the literature onfinancing innovation and technology entrepreneur-

ship (Lerner and Nanda, 2020). This literature highlights the importance of external

finance, through both debt and equity markets, for innovation by small firms (Black

and Strahan, 2002; Chava et al., 2013;Hombert andMatray, 2017; Kerr andNanda, 2009;

Robb and Robinson, 2014). We show that commercialization infrastructure and exter-

nal finance are complement in shaping the university academic entrepreneurship, as

it can be embedded into the local finance network (Hochberg et al., 2007; Fehder et al.,

2025).

We also contribute to the literature on selection into entrepreneurship (Bernstein
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et al., 2022; Gottlieb et al., 2022; Hacamo and Kleiner, 2022; Hombert et al., 2020; Nanda

and Sørensen, 2010; Schoar, 2010; Wallskog, 2025). Related work studies selection into

VC-backed entrepreneurship, investor selection among startups, new-firm financing

at entry, and the geography of high-growth entrepreneurship (Ewens et al., 2024; Ka-

plan et al., 2009; Guzman and Stern, 2020; Chen and Ewens, 2025; Jang and Kaplan,

2025). We bring this perspective to university scientists by showing that TTO estab-

lishment increases their transition into entrepreneurship, especially in counties with

stronger venture-capital and bankingmarkets. Our findings suggest that selection into

science-based entrepreneurship is shaped jointly by university commercialization in-

frastructure and local external capital supply.

The rest of this paper is organized as follows. Section 2 provides an overview of the

historical context of TTOs. Section 3 describes the data sources and presents descriptive

statistics on the scientists included in the analysis. Section 4 provides an identification

strategy. Section 5 examines the reduced-form relationship between the TTOs’ estab-

lishment and business formation. Section 6 concludes.

2 Institutional Background

U.S. universities rely substantially on federal funding to support their research activi-

ties (Babina et al., 2023). The contemporary landscape of academic entrepreneurship

in the U.S. is closely tied to the Bayh-Dole Act of 1980. Before Bayh-Dole, ownership

and control rights over inventions arising from federally funded research were often

fragmented across federal agencies, and universities faced limited and uncertain rights

to patent, license, or otherwise commercialize these inventions (Mowery et al., 2001;

Jensen and Thursby, 2001).

The Bayh-Dole Act changed this environment by allowing universities and other

nonprofit institutions to retain rights to inventions developed with federal funding

(Henderson et al., 1998; Sampat, 2006). In the years following Bayh-Dole, many univer-

sities expanded their commercialization activities by establishing TTOs. Their growth
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marked a shift frommore decentralized and informal commercialization arrangements

toward a more centralized and professionalized model, in which licensing officers, at-

torneys, and business managers served as intermediaries between academic scientists

and commercial markets (Siegel et al., 2003; Thursby and Thursby, 2002).

Whether such commercialization infrastructure can activate entrepreneurial activ-

ity among scientists, and which scientists are drawn into entrepreneurship, is an im-

portant question for innovation policy. Yet answering this question is difficult because

institutions, scientists, and entrepreneurial outcomes co-evolve, making it hard to iso-

late the effect of any single policy lever. We exploit the historical establishment of TTOs

at the U.S. universities as a unique setting for studying this question.

The early TTO function is essentially a broker that benefits universities by providing

funds for research and benefits industry by providing research findings but not yet eq-

uity holders (Feldman et al., 2002). By serving as a user broker, TTOs align laboratory

outputs with market demand, ensuring the structural stability of the transfer mecha-

nism (Herdendorf and Linsteadt, 1982). Most TTOs focus on managing information

clearinghouses for available patents and designing flexible intellectual property poli-

cies to facilitate industrial access. Some TTOs oversee programs such as computerized

risk-capital networks and university-affiliated business incubators (Hisrich and Smilor,

1988).

The establishment of a TTOchangednot only universities’ emphasis on commercial-

ization, but also the commercialization infrastructure through which scientists could

pursue patenting, licensing, and entrepreneurial activity. During this period, TTOs

were adopted in a staggeredway across universities, creating temporal and cross-sectional

variation that can be exploited for identification. Importantly, the scientists working at

these universities during this era can now be linked to their entrepreneurial activities

and academic publications through our digitized historical records. This enables the

first comprehensive, individual-level analysis of how commercialization infrastructure

shapes scientists’ selection into entrepreneurship.
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3 Data and Descriptive Statistics

3.1 Data Sources

Scientists Data The primary data source is the National Register of Scientific and

Technical Personnel (NRSTP), obtained from the National Archives Access to Archival

Databases. Originally established by the National Science Foundation (NSF) to iden-

tify specialized professionals for national emergencies, the NRSTP evolved into a com-

prehensive statistical resource for science policy, covering diverse disciplines in the

physical, biological, and social sciences. While the register contains eight waves span-

ning 1954 to 1970,1 This paper utilizes the 1964–1968 waves because they include the

city-level geographic identifiers necessary for business registration, patent, and paper

linkage, and also employer information for TTO linkage. The dataset is highly repre-

sentative of the high-skilled workforce; the NSF reported that the 1964 wave captured

over 90% of all U.S. science doctorates.

Data processing involved extracting information from digitized numerical codes

and mapping them to original codebooks. The mapping between codes and descrip-

tions was manually cleaned to ensure accuracy. In instances where original scans were

faint, transformer-based language models were employed to reconstruct text based on

standard scientific nomenclature. The final panel includes individual-level variables

such as education, employment specialty, institutional affiliation, and self-reported in-

come (Li, 2026).2

Figure 1a presents the original NRSTP codebook, which was utilized to digitize

and decode the raw data entries. As illustrated in Figure 1b, the analytical sample is

restricted to university employees to maintain a specific focus on university scientists

and TTO.
1The waves include 1954, 1958, 1960, 1962, 1964, 1966, 1968, and 1970. Started in 1973, the Survey of

Doctorate Recipients (SDR) became the primary tool for tracking Ph.D.-level scientists.
2Similar historical bibliographies, such as American Men of Science, do not include income informa-

tion for scientists.
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U.S. BusinessRegistrationData While self-employment is occasionally equatedwith

entrepreneurship, this study aligns with established literature by utilizing incorpo-

rated business owners as the primary metric for entrepreneurs. This distinction is par-

ticularly relevant when focusing on ventures that commercialize innovative ideas, as

incorporation serves as a more precise indicator of such activity (Levine and Rubin-

stein, 2017).

Data regarding U.S. business registrations, which are maintained at the state level

by each Secretary of State, were obtained through OpenCorporates. This organization

aggregates these disparate records into a centralized download package, and the ver-

sion utilized for this research reflects data as of January 2025. This study incorporates

data from all U.S. jurisdictions. However, it should be noted that state registry records

do not include details on bankruptcies or other forms of litigation; such information

must be retrieved through specialized litigation searches.

The comprehensive business registry from OpenCorporates encompasses 76 mil-

lion businesses across the United States, providing critical variables such as incorpora-

tion and dissolution dates, registration addresses, and jurisdictional status.3

TTO Data The timing of TTO formation comes from the Association of University

TechnologyManagers (AUTM), which reports information on U.S. university technol-

ogy transfer offices, including their year of establishment.4 We combine these records

with the scientists data fromNRSTP by linking institutions based on university names.

Because institution names are not standardized across the two sources, the merge re-

quired manual checks. In particular, we reviewed alternative assignee names that cor-

respond to the same university and collapsed them into a common institutional iden-

tifier.5
3Although Census data, such as the Longitudinal Business Database (LBD), contain information on

business registrations, the LBD begins only in 1976, yet our sample starts from 1970. OpenCorporates
offers the most consistent publicly available source of historical U.S. business registration records.

4The version utilized for this research is from 2020 AUTM Licensing Activity Survey.
5In some cases, AUTM reports TTO information at the university-system level rather than for individ-

ual campuses. For instance, campuses such as UCLA, UCSD, UC Merced, UC Davis, UC Berkeley, UC
Irvine, UC Riverside, UCSF, UC Santa Barbara, and UC Santa Cruz are all recorded under the University
of California System in the AUTM data.
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PublicationData Scientific productivity ismeasuredusing SciSciNet (Lin et al., 2023),

a large-scale open data resource that aggregates publication and citation data from

the Microsoft Academic Graph. For each paper, SciSciNet provides comprehensive in-

formation such as bibliographic information, author identifiers, affiliated institutions,

publication year, field classifications, and citation links.

3.2 Variable Construction

3.2.1 Dependent Variables

Business Registrations Figure 2 shows the matching procedure used to identify sci-

entist entrepreneurship. Scientists’ names and locations from NRSTP are linked to

business registrations from OpenCorporates based on officer or director names and

registered addresses. The matching procedure follows the name-and-address linkage

approach in Engelberg et al. (2026), but applies it to a distinct historical population of

U.S. academic scientists and constructs a new scientist-level dataset.

Business addresses within the OpenCorporates dataset were regularized to extract

ZIP codes, which were subsequently mapped to their respective counties. For the pri-

mary matching period (1945–1990), approximately 57% of the 14,495,168 firms in the

dataset contained registered address information. Among these firms, 84% initially

included a ZIP code. To improve data density, the OpenStreetMap API was employed

to retrieve ZIP codes for the remaining 16% of non-standard addresses. This process

successfully geocoded an additional 155,820 addresses, increasing the overall ZIP code

coverage to 93%.

To distinguish between individual and corporate entities within the officer records,

the spaCy library was utilized for natural language processing. The classification pro-

cess involved identifying entities labeled as ”PERSON” by theNLPmodel to determine

if an officer’s name represented a human individual. This analysis revealed that 88.08%

of the officer names are classified as humannames rather than company names, provid-

ing a clearer understanding of the composition of the entities recorded in the dataset.

The OpenCorporates data were subsequently mapped to the NRSTP datasets using
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a combination of individual names and county FIPS codes. This matching procedure

was restricted to businesses established between 1945 and 1990 to align with the de-

mographic profile of the scientists, most of whom were born in the 1930s. Limiting

the timeframe accounts for the decreased likelihood of business formation at advanced

ages andmitigates the risk of false-positivematches between different individuals shar-

ing the same name.

Publications Thematching is restricted to English-language journal publications from

SciSciNet and utilizes institutional affiliation FIPS codes to verify identities. To mini-

mize false positives, records appearing after 2005 are excluded given the cohort’s age.

3.2.2 Independent Variable

TTOEstablishment Ourprimary sample comprises scientists identified in theNRSTP

survey between 1964 and 1968. Because the survey ceased tracking specific employer

transitions after 1970, we assign each scientist’s institutional affiliation based on their

recorded university during the 1964–1968 window and merge this with the timing of

TTO establishments.

A limitation of this approach is the potential for unobserved inter-university mo-

bility; in cases where scientists switched institutions after 1968, we would fail to up-

date their treatment status. However, since our business formation data is also geo-

graphically anchored to the scientist’s 1960s residence, any migratory entrepreneur-

ship would result in the scientist dropping out of the detectable outcome pool. This

results in a downward bias of the TTO’s impact, as we only observe businesses started

by scientists who remained in their original geographic area. If a TTO inspires a sci-

entist to move and start a company elsewhere, our model records that as a ”zero” for

business formation, even though the TTO may have been the catalyst.

Age Since the NRSTP dataset lacks the explicit birth date information, birth years

are estimated based on the recorded Year of Highest Degree and Level of Highest De-

gree. This methodology assumes that scientists typically reach educational milestones
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at specific ages: 30 for a doctoral-level degree (e.g., PhD or MD), 25 for a Master’s, and

22 for a Bachelor’s. A proxy for the birth year is derived by subtracting these age con-

stants from the graduation year. Figure 3 shows the ages of scientists at the time they

started their businesses. The cohort has a mean age of 39.73 and a median age of 39,

with the 10th percentile (P10) at 30.0 and the 90th percentile (P90) at 48.4.

Gross Income Annual gross income is self-reported in the NRSTP. It combines both

base salary and other income. Since scientists in the sample worked at universities,

they were typically paid on a nine-month basis, so using annual gross income rather

than base salary is more appropriate.

Field To compare individual expertise with institutional strengths, we proxy for re-

search field using the major of the highest degree, which is standardized to align with

the university spending categories in the 1972 Higher Education Research and De-

velopment (HERD) survey.6 Utilizing the codebook’s taxonomic hierarchy, granular

subfields—such as analytical chemistry, numerical methods, and electrical engineer-

ing—were aggregated into broader disciplinary classifications, including Physical Sci-

ences, Math/CS, Engineering, etc. This mapping ensures consistency between educa-

tional backgrounds and institutional expenditure data.

R&DFunding The institutional research environment is further characterized by the

shares of different types of funding in total R&D income, utilizing data from the HERD

survey. Total R&D income is calculated as the aggregate of federal, industry, insti-

tutional, and state/local government funding as shown in Panel A of Table A1. For

instance, the proportion of industry-sponsored funding serves as a proxy for the uni-

versity’s integration within the business ecosystem. High levels of industry R&D may

indicate established pathways for commercialization, potentially reducing a scientist’s

reliance on a formal TTO for entrepreneurial activities.
6The data are available beginning in 1972, when the survey was conducted as the Survey of R&D

Expenditures at Universities and Colleges; see https://ncses.nsf.gov/explore-data/microdata/

higher-education-research-development
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External Financing Bank branch data are drawn from the Federal Deposit Insurance

Corporation (FDIC) and measure the number of active branches at the county level.

As Figure A3 shows, the geographic distribution of bank branches is largely stable

over the sample period. We therefore classify counties into high- and low-bank-branch

groups based on their 1970 branch counts, and use this classification as a proxy for lo-

cal credit supply facing scientists whomay enter entrepreneurship (Black and Strahan,

2002; Célerier andMatray, 2019). Likewise, we obtain VC data from VentureXpert and

measure local VC activity using the number of VC deals at the county level prior to

1970.

3.3 Descriptive Statistics

Our analysis draws on a panel of 109,584 scientists observed from 1970 to 1990. Of

these, 50,171 are treated, meaning that their university establishes a TTO during the

sample period, and 59,413 serve as never-treated controls, meaning that their university

does not establish a TTO during our observation window.

Table 1 reports the distribution of scientists across top 20 employing institutions.

Employment is highly concentrated in a small number of large public research uni-

versities and elite private universities. The University of California alone accounts for

8.25% of the sample. The presence of state universities is consistent with their larger

scale and broader hiring capacity, while elite private institutions reflect high research

intensity.7

Table 2 reports business formation rates across scientist characteristics, comparing

the full samplewith the subset of never-treated individuals. Several consistent patterns

emerge across the two samples, with broadly similar magnitudes, suggesting that se-

lection into treatment is unlikely to fully drive the observed differences.

The descriptive evidence suggests a life-cycle pattern where formation propensity

diminishes with age. In the full sample, the youngest cohort (<45) exhibits the high-

est formation rate at 2.57%, falling to 1.93% for those over 60. Interestingly, while the
7Scientists affiliated with the Massachusetts Institute of Technology (MIT) are excluded from the

sample, as MIT is always treated: its TTO was established prior to 1970, the start of the sample period.
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never-treated sample follows a similar downward trend, the gap between the youngest

and middle cohorts is much narrower (2.13% vs 2.23%), suggesting that the establish-

ment of TTOmay disproportionately stimulate formation among younger individuals.

These findings are robustly supported by the logistic regressions in Figure 4, where

the coefficients for “Age: 45-60” and “Age: Over 60” are both negative and statistically

significant. This confirms that, relative to the omitted baseline of “Age: Below 45”,

advancing age serves as a significant structural barrier to formation activity.

Advanced degree attainment is a positive predictor of business formation. Data

from the full sample shows that PhD or MD holders have a business formation rate

of 2.42%, over non-PhD holders (2.03%). In the never-treated sample, this premium

persists but is slightly attenuated (2.15% vs 2.02%), indicating that higher educational

attainment may enhance an individual’s responsiveness to the establishment of TTO.8

The results in Figure 4 reinforce this, showing a positive and significant log-odds ratio

for the “PhD or MD Degree” variable.

The descriptive statistics also show a significant relationship between income and

business formation rates, likely reflecting the impact of budget constraints. High-income

individuals in the full sample achieve a formation rate of 2.70%, compared to only

1.90% for the low-income group. This 80 basis point disparity remains substantial in

the never-treated sample (2.47%vs 1.79%), suggesting that budget constraints are a pri-

mary driver of business formation regardless of treatment status. Figure 4 benchmarks

this effect through the “Low Local Income” coefficient, which is negative and highly

significant. This provides strong empirical evidence that individuals in lower-income

scientists face higher barriers to entry.

Business formation activity varies considerably across academic fields. Engineering

records the highest rates in both the full (3.72%) and never-treated (3.54%) samples.

Across almost all categories, formation rates are lower in the never-treated sample, with

the delta being particularly pronounced inMathematical & Computer Sciences (a drop
8The sample includes many individuals who are reported as non-PhD holders in the original sur-

vey. Manual checks suggest that some later obtained PhD degrees, while others held PhD degrees but
reported a master’s degree as their highest degree. To preserve the original survey records, we do not
amend the education variable using manually collected information.
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from 2.36% to 1.98%).

Figure 4 includes a proxy for “Low Field R&D Spending,” which yields a negative

coefficient. Scientists in fields that receive higher R&D spending at their employer’s

university show significantly higher business formation propensity compared to those

in lower-spending fields, suggesting that institutional research support is a vital pre-

cursor to business formation.

4 Identification Strategy

We exploit the staggered establishment of TTOs across universities as a natural ex-

periment. Treatment is defined at the university level: scientist i is treated when her

university establishes a TTO. The staggered timing of TTO adoption across universities

provides the identifying variation. We estimate treatment effects using the CSDID es-

timator for staggered adoption designs (Callaway and Sant’Anna, 2021). Let Gi denote

the first year in which scientist i is treated, with Gi = 0 for never-treated individuals.

For each treatment cohort g and calendar year t, we estimate the cohort-time average

treatment effect:

ATT(g, t) = E
[
Yit(1)− Yit(0) | Gi = g

]
, t ≥ g. (1)

This estimator is well suited to settings with staggered treatment timing and hetero-

geneous treatment effects, and avoids the well-known biases of conventional two-way

fixed effects estimators in such environments.

Identification requires that, absent treatment, untreated potential outcomes would

have evolved in parallel across treated and comparison groups. We assess this assump-

tion using pre-treatment event-study coefficients. In the baseline specification, we use

never-treated scientists as the control group; in robustness checks, we instead use not-

yet-treated scientists. We estimate ATT(g, t) using outcome regressionwith a universal

base period and then aggregate cohort-time effects using the simple aggregation pro-

cedure to obtain an overall average treatment effect for each outcome. We also report
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event-study relative to TTO establishment to examine dynamic effects.

Several potential threats to identification merit discussion. First, universities that

establish TTOs earlier may differ systematically from those that do not. The Callaway

and Sant’Anna (2021) framework accommodates treatment effect heterogeneity across

cohorts and therefore does not rely on homogeneous treatment effects across adoption

cohorts. Second, other policy changes – such as shifts in federal research funding or

changes in patent law –may coincidewith TTO establishment. However, TTO adoption

dates vary widely across universities, making it less likely that any single contempo-

raneous shock explains the results. As an additional check, we also estimate dynamic

treatment effects using the Sun and Abraham (2021) interaction-weighted event-study

estimator, and obtain similar patterns.

We next examine heterogeneous treatment effects along three dimensions: scien-

tists’ characteristics, university characteristics, and external financing environment. For

each subgroup, we run separate CSDID estimations with both treated and control sci-

entists restricted to the relevant subgroup. We examine heterogeneity in both business

formation and publication output to assess whether the benefits and costs of TTO es-

tablishment accrue to the same or to different groups.

5 Empirical Results

5.1 TTO Establishment and Academic Entrepreneurship

Understanding who becomes an entrepreneur in this setting is important because aca-

demic entrepreneurs are not randomly drawn from the scientific workforce: they differ

in age, skills, opportunity costs, and so on. These selectionmarginsmatter. If TTOs pri-

marily induce entry by scientists with commercially valuable ideas but limited access

to capital or support, then they can expand the set of innovations that reach themarket.

By contrast, if entry is concentrated only among scientists who would have commer-

cialized anyway, the role of TTOs is more limited.

We first show that the effect of TTO establishment on business formation in the
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full sample. Table 3 shows that TTOs have positively significant effect on business

formation of university scientists. The estimates are highly stable across alternative

estimators and control groups. Using the Callaway and Sant’Anna (2021) estimator,

the aggregate ATT is 0.0012with never-treated controls and 0.0013with not-yet-treated

controls. The Sun and Abraham (2021) interaction-weighted estimator gives a similar

estimate of 0.0011. All three estimates are statistically significant at the 1 percent level.9

Figure 5 presents the corresponding event-study estimates. Across specifications,

the pre-treatment coefficients are close to zero, while the effect on business formation

rises after TTO establishment. The dynamic evidence therefore supports the interpre-

tation that TTOs increased entrepreneurial entry among academic scientists.

5.1.1 Robustness Checks

Specifications Our main results so far treat business formation as a yearly count and

examine how TTO establishment changes the average number of new ventures per

scientist-year. A complementary framing is to treat entrepreneurship as a one-time

transition: how does TTO establishment affect the rate at which a scientist moves from

non-entrepreneurship into entrepreneurship?

To answer this question, we construct two outcomes from the panel. The first is a

cumulative-ever indicator, defined as an absorbing-state variable that equals one once

scientist i has started any business by year t. We re-estimate the same staggered-DID

estimators using this outcome.

The second outcome is the time to first business formation, right-censored at 1990

for scientists who never enter entrepreneurship. We fit a Cox proportional hazards

model in counting-process form, λi(t) = λ0(t) exp(β · PostTTOit), with a time-varying

treatment indicator PostTTOit that switches to one once the scientist’s employer has
9One caveat is that these estimates may understate the effect of TTO establishment on younger co-

horts. The full sample is based on a snapshot of scientists observed around the 1960s and tracks their
subsequent activities. As a result, the analysis does not fully capture new scientists who entered uni-
versities after the baseline sample was constructed. This is relevant when younger scientists are more
responsive to the commercialization opportunities created by TTOs. Therefore, the estimates in Table ??
should be interpreted as the effect on a stock of scientists, rather than the full effect on the evolving
scientific workforce.

15



established a TTO, and remains zero for never-treated scientists.

The estimates using the cumulative-ever indicator and the hazard model are re-

ported in TableA3, and the corresponding event-studydynamics are reported in Figure

A1 and A2. All results support that TTO establishment significantly increases scien-

tists’ entry into entrepreneurship.

Public Universities As another additional check, we restrict the analysis to scientists

at public universities. This restriction is useful because TTO adoption at public uni-

versities was often shaped by state-system decisions, reducing the scope for individual

scientists to influence the timing of adoption. Table A4 shows that the results are sim-

ilar. This provides additional evidence that the main result is not driven by reverse

causality, whereby scientists’ entrepreneurial activity induces TTO establishment.

5.1.2 Scientist Characteristics

Table 4 examines heterogeneity by scientist characteristics. Panel A shows that the re-

sponse is strongest among younger scientists. The ATT is 0.0023–0.0024 for scientists

younger than 45, declines to 0.0007–0.0008 for those aged 45–60, and is smaller and sta-

tistically insignificant for scientists older than 60. This finding aligns with the descrip-

tive evidence that scientist-entrepreneurs tend to be younger than the average faculty

member. This is consist with MIT alumni survey data that shows median age of first

time entrepreneurs was around 40 for those graduated in the 1950s (Hsu et al., 2007).

Panel B shows that the effect is concentrated among scientists with advanced de-

grees. The ATT is 0.0014–0.0016 for PhD or MD scientists and statistically significant

across control groups, compared with smaller and insignificant estimates for scientists

without advanced degrees. This result is consistent with descriptive evidence show-

ing that scientist-founded startups are disproportionately led by individuals with ad-

vanced training.

Panel C splits scientists by income relative to peers in the same county. The esti-

mates are positive for both groups, with larger point estimates for scientists below the
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within-county median. This pattern indicates that the entrepreneurial response might

be larger to low-income scientists.

Overall, the heterogeneity by scientist characteristics suggests that TTO-induced en-

trepreneurship is concentrated among younger scientists and scientists with stronger

formal training. The income results provide more suggestive evidence that lower-

income scientists may also respond more strongly. Taken together, these patterns are

consistent with TTOs lowering commercialization frictions for scientists who are well

positioned to act on new entrepreneurial opportunities.

5.1.3 University Characteristics

In line with the existing literature showing that university characteristics are important

determinants of commercialization (e.g., Lerner et al., 2024), we examine heterogeneity

in the relationship between TTO establishment and business formation by university

characteristics.

Table 5 Panel A splits universities by pre-existing federal funding share. The effect is

concentrated among universities with above-median federal funding shares: the ATT

is 0.0010 using never-treated controls and 0.0015 using not-yet-treated controls, while

the estimates for low-federal-funding universities are close to zero and statistically in-

significant. Consistent with the framework, in which TTOs lower the effort required

to commercialize the existing stock of scientific ideas rather than create new ideas di-

rectly, the effect is concentrated among universities receiving above median federal

funding. This pattern suggests the complementarity between federal research funding

and commercialization infrastructure: public funding generates a stock of quality op-

portunities, while TTOs lower the effort scientists must devote to converting them into

business formation.

Panel B splits universities by pre-existing industry funding share. The estimates

are small and statistically insignificant among universities with high industry fund-

ing shares. For universities with low industry funding shares, the point estimates are

larger, although the effect is statistically significant only when using not-yet-treated
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controls. This provides suggestive evidence that TTOs may matter more where uni-

versities had weaker pre-existing links to industry.

Panel C splits universities by own-field R&D spending. The evidence is less robust

across control groups. Using never-treated controls, the effect is concentrated among

universities with below-median own-field R&D spending. Using not-yet-treated con-

trols, however, the estimates are positive, statistically significant, and similar in magni-

tude for both high and low own-field R&D universities. Thus, the own-field R&D split

does not provide clear evidence of a stable heterogeneity pattern. One interpretation is

that own-field R&D captures two offsetting forces in the framework. Stronger research

environments tend to have lower pre-existing effort thresholds, so the TTO-induced

reduction is smaller; but they also raise the commercial value of ideas, and hence the

payoff to reallocating effort. These offsetting forces can explain why the heterogeneity

by own-field R&D spending is less sharp than the heterogeneity by prestige or industry

funding.

Overall, the university-level heterogeneity suggests that TTO effects are stronger in

settings where universities combine substantial federally funded research with weaker

pre-existing industry ties. The evidence is consistentwith TTOs beingmore consequen-

tial when they introduce new commercialization capacity, rather than merely formal-

izing channels that were already present.

5.2 Complementarities Between TTOs and External Finance

A key argument in the literature is that the realization of commercial opportunities

depends on access to external capital (Kerr and Nanda, 2015). The evidence in Sec-

tion 5.1 shows that lower-income scientists are more responsive to TTO establishment,

suggesting that financial constraints may be a barrier to entry. This motivates examin-

ing whether the effect of TTOs is stronger in counties with greater bank availability or

VC presence. If TTOs and external finance are complements, then commercialization

infrastructure should have larger effects.

Figure 6 plots county-level VC activity against the business formation rate of scien-
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tists. Counties with greater VC activity exhibit higher rates of scientist business for-

mation. This pattern is descriptive and does not admit a causal interpretation, but it

motivates the analysis below: if external finance complements commercialization in-

frastructure, the effect of TTO establishment should be stronger in financially devel-

oped local markets.

Table 6 examines heterogeneity by county-level financial development. Panel A

splits counties by bank branch availability in 1970. The effect of TTO establishment

is concentrated in counties in the top quartile of bank branch availability: the ATT is

0.0013 using never-treated controls and 0.0015 using not-yet-treated controls. In coun-

tieswith fewer bank branches, the estimates are smaller, around 0.0003, and statistically

insignificant. Panel B shows a similar pattern for venture capital. In counties with any

recorded VC activity, the ATT is 0.0015–0.0020 and statistically significant at the 1 per-

cent level; in counties without VC activity, the point estimates are close to zero.

Table 7 further examines whether the role of local finance varies with scientist in-

come. Panel A interacts within-county income with bank branch availability. Among

lower-income scientists, theATT is larger in countieswithmore banks branches. Among

higher-income scientists, the estimates are still positive in counties with more banks

branches but close to zero in counties with fewer bank branches. This pattern suggests

that credit availability is associated with stronger TTO effects, with particularly robust

responses among lower-income scientists.

Panel B shows a sharper pattern for venture capital. For lower-income scientists in

countieswith VCpresence, the ATT is 0.0014, yet for those in countieswithout VCpres-

ence, the estimates are close to zero. Higher-income scientists also respondmore in VC

counties than in non-VC counties, although the estimates are smaller and insignificant.

Because the baseline business formation rate is lower among low-income scientists,

these estimates imply that the relative effect of external finance is substantially larger

for this group.

The results in this section suggest that TTOs and local finance are complements.

TTOs may lower the costs of commercialization, but the translation of those opportu-
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nities into observed firm formation appears strongest in counties with greater access

to bank credit or venture capital. External finance can amplify the effect of TTO estab-

lishment, especially for lower-income scientists. The results are also consistent with

historical evidence that TTOs play an intermediary role in connecting innovative uni-

versity projects with financing opportunities.

5.3 Publication Trade-offs and the Cost of Commercialization

Apart from business formation, TTOs may affect scientists’ broader allocation of ef-

fort between academic research and commercial activity. Since publication is a com-

mon measurable productivity of scientists (Kim and Moser, 2025), we next examine

publication output as an additional margin. The effect is theoretically ambiguous. En-

trepreneurship may either crowd out academic research by reallocating scientists’ ef-

fort away from publication-oriented work (Aghion et al., 2008), or crowd in research

productivity by generating new ideas and (Fini et al., 2021). This section therefore

examines whether TTO-induced business formation is associated with an increase or

decline in scientists’ publication output.

Table A6 reports the effect of TTO establishment on publication output in the full

sample. The estimated ATT ranges from−0.0066 to−0.0074 publications per scientist-

year, with all estimates statistically significant at the 1 percent level. Figure A4 presents

the corresponding event-study estimates. Together, the Table A6 and Figure A4 in-

dicate that TTO establishment is followed by a decline in average publication output

among scientists at treated universities.

This decline should be interpreted as an institutional-level trade-off, rather than

as the publication cost borne by scientists who start firms. The treatment varies at the

university level, and the estimate captures the average response of scientists exposed to

TTOs. Consistent with this interpretation, Appendix Table A7 shows no detectable de-

cline in publication output around scientists’ first observed business formation among

TTO-treated scientists.

The evidence suggests a broader reallocation of effort within treated universities.
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TTOsmay draw a wider set of scientists into commercialization-related activities, such

as invention disclosure, patenting, licensing discussions, and startup exploration, even

when these activities do not culminate in observed firm formation. The cost of TTO

establishment is therefore a diffuse reduction in measured academic output, rather

than a direct publication penalty for the subset of scientistswho become entrepreneurs.

6 Conclusion

This paper studies how commercialization infrastructure shapes the selection of uni-

versity scientists into entrepreneurship. Using newly linked individual-level data on

academic scientists, we document that TTO establishment increases entrepreneurial

entry among university scientists. The response is stronger among younger scientists,

scientists with advanced degrees, and scientists located at universities with weaker

pre-existing industry links but greater government-funded research. These patterns

suggest that TTOs are particularly important where commercializable ideas exist but

commercialization channels are less developed.

The results also show that commercialization infrastructure does not operate in iso-

lation. The effect of TTO establishment is concentrated in counties with stronger local

banking markets and VC presence, and is larger among lower-income scientists. This

evidence suggests that TTOs and external finance are complementary inputs into aca-

demic entrepreneurship. At the same time, TTO establishment is associatedwith lower

publication output, indicating that commercialization may reallocate scientific effort

away from publication-oriented research.

The evidence points to a broader policy lesson: effective academic commercializa-

tion requires coordination between university-level commercialization infrastructure

and local financial markets. Policies that expand university commercialization capac-

itymay have limited effects if they are not pairedwith access to entrepreneurial finance.

Conversely, increasing the supply of capital may be insufficient when universities lack

institutions that identify, disclose, and develop commercial opportunities.
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Tables

Table 1: Top 15 Scientist Employers

Employer Name Count Share (%)

University of California 6,361 8.25
University of Illinois 2,609 3.38
University of Michigan 1,875 2.43
Purdue University 1,734 2.25
Cornell University 1,644 2.13
Michigan State University 1,516 1.97
State University of New York 1,402 1.82
Pennsylvania State University 1,394 1.81
Ohio State University 1,309 1.70
University of Texas 1,249 1.62
Harvard University 1,238 1.61
University of Washington 1,228 1.59
University of Maryland 1,124 1.46
Columbia University 1,121 1.45
Indiana University 1,072 1.39
University of Missouri 1,058 1.37
University of Chicago 1,031 1.34
Stanford University 979 1.27
University of Pennsylvania 960 1.24
Yale University 937 1.22

Notes: This table reports the 20 most common employer names in the scientist sam-
ple. Inmost state university systems, TTOs are established at the system-wide level,
meaning the treatment applies to all campuses. However, five institutions – Univer-
sity of Wisconsin Madison, University of Illinois Urbana-Champaign, UNC Chapel
Hill, University of Arkansas Fayetteville, and Washington University in St. Louis
– implemented TTOs at the individual campus level. Because scientists’ affiliations
often do not specify a particular campus, we assume that if a single campuswithin a
system establishes a TTO, the entire system is treated as having received the shock.
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Table 3: Effects of TTO Establishment on Business Formation

(1) (2) (3)

ATT 0.0012∗∗∗ 0.0013∗∗∗ 0.0011∗∗∗
(0.0003) (0.0003) (0.0003)

N Scientists (treated) 50,171 50,171 50,171
N Scientists (control) 59,413 108,104 59,413

Notes: This table reports difference-in-differences estimates of the effect of TTO estab-
lishment on business formation from 1970 to 1990 using the full sample. Columns (1)–
(2) report the simple aggregated ATT from Callaway and Sant’Anna (2021) using
never-treated andnot-yet-treated controls, respectively. Column (3) reports the aggre-
gated ATT from the Sun and Abraham (2021) interaction-weighted estimator. Stan-
dard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 6: Heterogeneous Effects: External Finance

Never-Treated Control Not-Yet-Treated Control

Panel A: Bank Branch Availability in 1970: Top 25% vs. Remaining Counties

More Banks Less Banks More Banks Less Banks
(1) (2) (3) (4)

ATT 0.0013∗∗∗ 0.0003 0.0015∗∗∗ 0.0003
(0.0004) (0.0003) (0.0004) (0.0003)

N Scientists (treated) 39,913 10,172 39,913 10,172
N Scientists (control) 38,912 20,045 77,390 30,178

Panel B: Venture Capital Presence

Has VC No VC Has VC No VC
(1) (2) (3) (4)

ATT 0.0015∗∗∗ −0.0003 0.0020∗∗∗ −0.0003
(0.0004) (0.0003) (0.0004) (0.0003)

N Scientists (treated) 23,517 26,654 23,517 26,654
N Scientists (control) 20,128 39,285 42,685 65,419

Notes: This table reports heterogeneous difference-in-differences estimates of the effect
of TTO establishment on business formation from 1970 to 1990 using the full sample. In
each panel, both treated and control scientists are restricted to the relevant subgroup.
Bank branch availability ismeasured using the number of county bank branches in 1970.
Top-bank counties are defined as counties above the 75th percentile of the branch-count
distribution. VC presence is an indicator equal to one if the county has any recorded VC
deals before 1970. Standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.
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Table 7: Heterogeneous Effects: External Finance and Income

Panel A: Within-County Income × Bank Branch Availability

High Income Low Income
More Banks Less Banks More Banks Less Banks

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

ATT 0.0009∗ 0.0001 0.0013∗∗ 0.0006∗∗
(0.0005) (0.0006) (0.0005) (0.0003)

Number of treated scientists 18,050 4,581 18,419 4,784
Number of control scientists 17,018 8,682 18,304 9,853

Panel B: Within-County Income × Venture Capital Presence

High Income Low Income
Has VC No VC Has VC No VC
(1) (2) (3) (4)

ATT 0.0013 −0.0006 0.0014∗∗ 0.0001
(0.0008) (0.0005) (0.0006) (0.0006)

N Scientists (treated) 10,497 12,156 10,964 12,295
N Scientists (control) 8,850 17,046 9,429 18,951

Notes: This table reports heterogeneous difference-in-differences estimates of the effect of TTO
establishment on business formation from 1970 to 1990 using the full sample and never-treated
scientists as the control group. Results with not-yet-treated control groups are in Table A5. In
each panel, both treated and control scientists are restricted to the relevant subgroup. Bank
branch availability is measured using the number of county bank branches in 1970. Top-bank
counties are defined as counties above the 75th percentile of the branch-count distribution. VC
presence is an indicator equal to one if the county has any recorded VC deals before 1970. In-
come is split at thewithin-countymedian of first-observation gross income. All estimates report
simple aggregated ATT from Callaway and Sant’Anna (2021). Standard errors are reported in
parentheses.
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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7 Figures

Figure 1: NRSTP Documentation and Data Harmonization

(a) Original Code Book of NRSTP 1964

(b) Classification of Employer Types

Notes: This figure illustrates the digitized codebook of the NRSTP and the classi-
fication of employer types used for data harmonization. Because the rawNRSTP
data consist of coded entries, the codebook was digitized to facilitate the decod-
ing and analysis of individual scientist information. In the employer classifica-
tion for 1964, both colleges/universities and medical schools are harmonized as
”university employees” to maintain consistency across different data waves.
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Figure 2: Identifying Business Formation Activities

Notes: This figure illustrates the digitized codebook of the NRSTP and the classi-
fication of employer types used for data harmonization. As the raw NRSTP data
consist of coded entries, the codebookwas digitized to facilitate the decoding and
analysis of information for each scientist. Both colleges/universities and medi-
cal schools are classified as university employees to ensure consistency across
different data waves. The sample is restricted to university employees to focus
specifically on university scientists and TTO.
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Figure 3: Age Distribution of Entrepreneurs

Notes: This figure plots the age at which scientists in the sample first engaged in
business formation. Age is calculated as the difference between the first business
start year and the individual’s birth year. The density curve uses a Gaussian
Kernel Density Estimate to smooth the distribution.
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Figure 4: Correlates of Scientists’ Business Formation

Notes: The figure reports coefficient estimates from separate logistic regressions
in which the dependent variable is an indicator equal to one if the scientist starts
a business. Each coefficient is estimated in a univariate specification using the
subsample with non-missing values for the corresponding characteristic. Dots
represent point estimates and whiskers denote 95% confidence intervals. Coef-
ficients are reported in log-odds units. The omitted category in each case is the
reference group not displayed on the figure; hence each estimate should be in-
terpreted relative to that category.
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Figure 5: Event Study: Effect of TTO Establishment on Business Formation

Notes: This figure plots dynamic treatment effect estimates from the Callaway and
Sant’Anna (2021) and Sun and Abraham (2021) event study specifications on the full sam-
ple. The dependent variable is the number of businesses started by a scientist in a given
year. Vertical bars represent 95% confidence intervals. The dotted vertical line marks the
last pre-treatment period.
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Figure 6: Local VC Activity and Scientist Business Formation

Notes: The figure is a binscatter of county-level venture capital activity against the business
formation rate of scientists. The sample consists of U.S. counties observed over 1970–1990
with at least one scientist in the cross-section. The x-axis measures cumulative VC deal
count in the county over the sample period; the axis scale is log(1 + VC deals), so the
zero-VC point plots at a finite location. Counties with zero VC deals are displayed as a
separate point. The remaining counties are grouped into 20 equal-weight bins sorted by
deal count. The business formation rate is the share of scientists in a county who started a
business. The fitted line is weighted OLS of the formation rate on log(1 + VC deals), with
counties weighted by scientist coun. The weighted correlation between log(1 + VC deals)
and the formation rate is 0.45.
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A Appendix Tables

Table A1: University Funding and Expenses (1972)

Variable N Mean SD P25 Median P75 Min Max

Panel A: Annual University Funding by Source (k USD)

Federal 7,718 30,281.5 44,356.8 5,539 15,989 33,447 2 173,730
Industry 7,219 791.0 765.2 175 564 1,172 1 3,472
Institution funds 7,014 6,447.2 9,548.9 495 2,272 9,106 1 34,053
State/Local Gov. 7,269 2,847.9 3,719.6 294 1,239 4,384 1 15,635

Panel B: Annual University Expense by Field (k USD)

Engineering 6,168 1,515.9 2,508.4 238 615 1,364 1 14,552
Environmental 5,583 581.5 1,145.1 58 164 402 1 5,119
Life sciences 7,229 14,008.9 16,504.1 1,200 5,196 26,458 1 56,021
Math / CS 5,244 556.8 919.6 18 158 486 1 3,386
Physical sciences 7,055 2,405.1 4,253.8 270 891 3,354 1 26,551
Psychology 4,953 471.5 987.1 19 70 262 1 4,844
Social sciences 6,325 1,617.5 3,157.6 65 427 2,005 1 15,445

Notes: Panel A uses the university-level HERD employer file. The variables Federal, Industry, In-
stitution funds, and State and local governmentmeasure university R&D funding by source. Panel
B uses the university-level HERD employer file. The reported variables measure university
R&D expenditures by field: Engineering, Environmental sciences, Life sciences, Mathematical and
computer sciences, Physical sciences, Psychology, and Social sciences.
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Table A2: Variable Definitions and Construction

Variable Name Definition & Construction

Business Registrations Count of firms in the OpenCorporates dataset
(1945–1990) matched to scientists via individual
names and county FIPS codes. Data were regularized
using the OpenStreetMap API for geocoding and
filtered using spaCy NLP to identify ”PERSON”
entities, excluding corporate officer names.

Publications Count of English-language journal publications
matched via institutional affiliation FIPS codes. To
account for the cohort’s age and minimize false posi-
tives, records appearing after 2005 are excluded.

TTO Establishment A binary or timing indicator for the establishment of a
Technology Transfer Office at the university where the
scientist was affiliated during the 1964–1968 NRSTP
survey window.

Age Estimated birth year derived by subtracting age con-
stants from the Year of Highest Degree: 30 years
for doctoral-level degrees, 25 for Master’s, and 22 for
Bachelor’s.

Gross Income Annual gross income self-reported in the NRSTP. This
measure includes both base salary and other income.

Major Standardized classification of the scientist’s primary
field of study. Granular subfieldswere aggregated into
broad categories (e.g., Physical Sciences, Engineering,
Math/CS) to align with HERD university spending
taxonomy.

Industry Funding The proportion of a university’s total R&D income de-
rived from industry-sponsored research, as recorded
in the 1972 HERD survey.

Bank Access Indicator equal to one if a scientist is located in a
county with above-median FDIC bank branch counts
in 1970, and zero otherwise. This variable proxies for
greater local credit supply.

Has VC Indicator equal to one if a scientist is located in a
county that recorded at least one VC deal before 1979,
and zero otherwise. This variable captures local expo-
sure to VC activity prior to the ERISA reform.
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Table A3: Survival-style DID: TTO Effect on First Business Formation

Cumulative-Ever Indicator Cox Hazard Ratio
(1) (2) (3) (4)

ATT / HR 0.0034∗∗∗ 0.0036∗∗∗ 0.0033∗∗∗ 1.5360∗∗∗
(0.0005) (0.0005) (0.0005) (0.0501)

N Scientists (treated) 50,171 50,171 50,171 50,171
N Scientists (control) 59,413 109,584 59,413 59,413

Notes: Survival-style DID estimates of TTO establishment on first business formation,
1970–1990. Columns (1)–(3) report the simple aggregated ATT from staggered DID
estimators with the outcome defined as the cumulative-ever indicator (1{any biz ≤
t}); Columns (1) and (2) use never-treated and not-yet-treated comparison groups
respectively (Callaway and Sant’Anna 2021), and Sun-Abraham (Sun and Abraham
2021) uses the never-treated as the comparison. Column (4) reports the hazard ratio
from a pooled Cox proportional hazards model with time-varying treatment indicator
post ttoit = 1{t ≥ gvari}. Standard errors clustered at the scientist level in parentheses
(SE on log-HR scale for column 4). ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A4: Effects of TTO Establishment on Business Formation: Public Universities
Only

Never-Treated Not-Yet-Treated Sun-Abraham
Control Control
(1) (2) (3)

ATT 0.0016∗∗∗ 0.0018∗∗∗ 0.0016∗∗∗
(0.0004) (0.0004) (0.0003)

N Scientists (treated) 34,245 34,245 34,245
N Scientists (control) 15,940 49,684 15,940

Notes: This table reports difference-in-differences estimates of the effect of TTO establish-
ment on business formation from 1970 to 1990 using the full sample restricted to scientists
at public universities (HERD type-of-control code 1, supplemented by manual classification).
Columns (1)–(2) report the simple aggregated ATT from Callaway and Sant’Anna (2021) us-
ing never-treated and not-yet-treated controls, respectively. Column (3) reports the aggregated
ATT from the Sun and Abraham (2021) interaction-weighted estimator. Standard errors are
clustered at the scientist level and reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A5: Exterinal Finance and Income with Not-Yet-Treated Control Group

Panel A: Within-County Income × Bank Branch Availability

High Income Low Income
More Banks Less Banks More Banks Less Banks

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

ATT 0.0013∗∗ 0.0001 0.0015∗∗∗ 0.0006∗∗
(0.0006) (0.0006) (0.0005) (0.0003)

Number of treated scientists 18,050 4,581 18,419 4,784
Number of control scientists 34,418 13,251 36,047 14,613

Panel B: Within-County Income × Venture Capital Presence

High Income Low Income
Has VC No VC Has VC No VC
(1) (2) (3) (4)

ATT 0.0018∗∗ −0.0005 0.0017∗∗∗ 0.0001
(0.0008) (0.0005) (0.0006) (0.0006)

N Scientists (treated) 10,497 12,156 10,964 12,295
N Scientists (control) 18,923 28,962 19,930 31,005

Notes: This table reports heterogeneous difference-in-differences estimates of the effect of TTO
establishment on business formation from 1970 to 1990 using the full sample and not-yet-
treated scientists as the control group. In each panel, both treated and control scientists are
restricted to the relevant subgroup. Bank branch availability is measured using the number
of county bank branches in 1970. Top-bank counties are defined as counties above the 75th
percentile of the branch-count distribution. VC presence is an indicator equal to one if the
county has any recorded VC deals before 1970. Income is split at the within-county median
of first-observation gross income. All estimates report simple aggregated ATT from Callaway
and Sant’Anna (2021). Standard errors are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.
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Table A6: Effect of TTO Establishment on Publication Output

(1) (2) (3)

ATT −0.0074∗∗∗ −0.0066∗∗∗ −0.0072∗∗∗
(0.0017) (0.0017) (0.0017)

N Scientists (treated) 50,171 50,171 50,171
N Scientists (control) 59,413 108,104 59,413

Notes: This table reports difference-in-differences estimates of the effect of TTO estab-
lishment on publication output from 1970 to 1990 using the full sample. Columns (1)–
(2) report the simple aggregated ATT from Callaway and Sant’Anna (2021) using
never-treated andnot-yet-treated controls, respectively. Column (3) reports the aggre-
gated ATT from the Sun and Abraham (2021) interaction-weighted estimator. Stan-
dard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A7: Effect of Business Formation on Publication Output: TTO-Treated
Scientists

(1) (2) (3)

ATT 0.0089 0.0088 0.0089
(0.0144) (0.0143) (0.0145)

N Scientists (treated) 1,241 1,241 1,241
N Scientists (control) 48,930 50,143 48,930

Notes: This table reports staggered difference-in-differences estimates of the effect of
starting a business on publication output. The treatment variable is the year a scien-
tist first records a new business (bizcount > 0); the control group consists of scien-
tists who never start a business in Column (1), who have not yet started a business in
Column(2), or never-biz scientists used as the comparison group in the Sun-Abraham
interaction-weighted estimator in Column (3). The sample is restricted to TTO-treated
scientists, i.e., scientists whose employer established a Technology Transfer Office dur-
ing the panel period (1970–1990). Columns (1)–(2) report the simple aggregatedATT
fromCallaway and Sant’Anna (2021) using never-treated and not-yet-treated controls,
respectively. Column (3) reports the aggregated ATT from the Sun and Abraham
(2021) interaction-weighted estimator. Standard errors in parentheses. ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.
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B Appendix Figures

Figure A1: Cumulative Business Formation Staggered DID

Notes: This figure plots the event-study estimates of TTO effect on the cumulative business
formation indicator. CSDID with never-treated and not-yet-treated comparison groups
(Callaway and Sant’Anna, 2021) and the Sun and Abraham (2021) interaction-weighted
estimator. Vertical bars represent 95% confidence intervals. The dotted vertical line marks
the last pre-treatment period.
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Figure A2: Cox Proportional Hazards Staggered DID

Notes: This figure plots the event-time hazard ratios from a Cox proportional-hazards stag-
gered DID on first business formation. Each point reports exp(β̂k) for event-time dummy
1{eit = k} in k ∈ [−4,+6]. Vertical bars represent 95% confidence intervals. The dotted
vertical line marks the last pre-treatment period.
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Figure A3: Geographic Distribution of FDIC Bank Branches, 1970 and 1979

(a) 1970

(b) 1979

Notes: This figure shows the geographic distribution of active FDIC-insured bank branches
across U.S. counties in 1970 and 1979. The spatial distribution of branches is largely stable
over time, supporting the use of the 1970 county-level branch count as a proxy for local
credit supply.
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Figure A4: Event Study: Effect of TTO Establishment on Publication Output

Notes: This figure plots dynamic treatment effect estimates from the Callaway and
Sant’Anna (2021) and Sun and Abraham (2021) event study specifications on the full sam-
ple. The dependent variable is the number of publications by a scientist in a given year.
Vertical bars represent 95% confidence intervals. The dotted vertical line marks the last
pre-treatment period.
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