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Addressing Climate Change will Require Significant Innovation (still)

Source: Energy Technology Perspectives, IEA (2020) 1



Innovation Begins with People

Competitive markets might under-provide innovation (imperfect appropriability)

Most innovation policies subsidize firms (R&D tax credits, grants, etc.)

, but
innovation begins with people.

� Implicit assumption: will increase demand for inventors and thus scientist entry

Frictions in education preventing individuals from investing to become inventor?

� If supply of inventors is inelastic, demand-side policies might just increase wages of

high-skilled workers (Goolsbee, 1998)

� Human capital policies may be most direct mechanism (Bloom et al., 2019; Akcigit et

al., 2020; Van Reenen, 2021)
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“...innovation policy in the US has erred by subsidizing the private sector demand for

scientists and engineers without asking whether the educational system provides the

supply response necessary for these subsidies to work.” (Romer, 2000)
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Macro Energy Models often Assume a Fixed Supply of Researchers

Existing macro models

� subsidy affects shares of scientists in

clean vs dirty

� but total supply of researchers is fixed

� path dependence and switching costs

very important [Nowzohour 2020]

� New inventors less elastic than incumbent

clean incumbents [Dugoua Gerarden 2024]

Figure 1: Optimal policy path

[Acemoglu et al. 2016]
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This Paper: Can Government “Produce” (Energy) Scientists?

� Research question: How does DOE funding for R&D affect the quantity of new

scientists and direction of innovation?

� Data:

� Outcome 1: PhD dissertations on energy tech over time (1980-2020)

� Outcome 2: Energy patenting at the USPTO (PATSTAT)

� Energy tech-specific DOE budget requests and Congress appropriations (1987-2022)

� Methods: Exploit funding “windfalls”

� Windfalls = Congressional Appropriations - DOE Requests

� Construct a measure of “unexpected” windfalls to capture quasi-random variation by

predicting appropriations based on observables

� Construct an instrument based on these “unexpected” windfalls
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Technology-Specific Appropriations at the DOE
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Contributions

� Scientific labour supply responsiveness: Goolsbee (1998); Myers (2020); Dugoua &

Gerarden (2024)

� Causal estimates of public energy RD&D returns: first technology-year estimates of

productivity from DOE investments - the largest funder of energy RD&D. Prior work has

looked at specific program, typically targetting firms.

� Energy: Howell (2017), Popp (2016)

� Outside energy: Azoulay et al. (2019), Santoleri et al (2024), Jones (2021)

� Evaluation of ARRA’s innovation impact:

� First ex post assessment of the 2009 American Recovery and Reinvestment Act on

innovation (in progress).

� ARRA: largest ever investment in clean energy RD&D (until the IRA $11 billion )

� Studies on employment effects, e.g., Popp et al 2020

� Political economy of energy R&D: the political economy of carbon pricing has received

a lot of attention, innovation policies much less...

10



Outline

Data: DOE Requests and Appropriations

Data: Dissertations and Patents

Empirical Strategy and Results
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Data: DOE Requests and

Appropriations



How is funding determined?

For example, for the FY 2002:

Spring 2000: White House issues guidance to agencies

Summer 2000: Agencies develop budget requests

Sep 2000: Agencies submit budgets to White House

Oct–Dec 2000: White House negotiates with agencies

Jan–Feb 2001: “President’s Budget” request sent to Congress

⇒ Document published with justification of the budget estimates

Mar–Sep 2001: Congress debates with White House and agencies

Sep 2001: Congress (hopefully) passes appropriations bills
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Categories of Energy Technologies, j

Separable in DOE

Energy Technology Type appropriations

solar clean Y

wind clean Y

marine / hydro clean Y

geothermal clean Y

hydrogen / fuel cell clean Y

nuclear fission clean Y

carbon capture and storage clean Y

battery / electric vehicle clean Y

energy storage clean Y

(smart) grid clean Y

building clean in progress

industry clean in progress

nuclear fusion clean in progress

biomass/biofuels grey Y

energy efficiency grey in progress

coal dirty Y

natural gas dirty Y

oil dirty Y

internal combustion engine dirty in progress
16



Data Collection Strategy

� Source documents: DOE Office of Budget; Congressional appropriation documents

Manual parsing of each document from 2023 back to 1989

� Identify all sub-item activities that relate to RD&D for technology j

Ignore sub-item if text describes deployment/commercialization activities

� Excludes program direction costs when they cannot be assign to one clear technology

� Excludes direct funding to National Labs when it cannot be assigned to one technology

� Numbers for Requests and Appropriations: choose the number that appears in the latest

budget document, as it will be the most representative of what the DOE ultimately

requested / Congress ultimately appropriated.
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Why do Budget Requests 6= Appropriations? (at the Dept. of Energy)

The “budget game”

� Asking/Giving for more/less than what is wanted

Quasi-random factors

� Political skill of secretary / office leadership

� Congress members (esp. appropriations committee)

Personal or local preferences; lobbying

� Budget shocks elsewhere (e.g., defense)

� Reallocations across line-item budgets
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Meet Pete Domenici – New Mexico: Los Alamos and Sandia
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Trends in Technology-Specific Appropriations
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20



Tech-Specific “Windfalls” (Appropriations - Requests)
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FY2011: Congress likes unconventional fossil; DOE not so much

Congress decided to fund a program the DOE did not propose
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40-60% of Dept. of Energy Research Funding Goes to Higher Education

Dept. of Energy R&D obligations, by organization type

Source: Survey of Federal Funds for Research and Development
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Dissertation Title and Acknowledgement
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Dissertation Title and Acknowledgement
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Data: Dissertations and Patents



Dissertations and Patents

� Dissertation Data

- ProQuest Dissertation Database, 1980-2020

- Dissertation title/abstract and user-inputted Proquest Class and keywords

- Focus on STEM disciplines but also excluding biological sciences, astronomy, paleontology...

� Patent Data

- PATSTAT applications filed at USPTO, 1980-2020

- Application-level details and metadata

- Patent CPC codes to track energy technologies

� Energy Dictionnary

- Energy term occurrence >0 in title/abstract (after cleaning)

- Convert to shares if multiple energy terms

- Aggregate to tech-year counts

� Dictionary vs CPC codes:

� 36% recall / 62% precision (CPC codes as the “ground truth”)
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Energy Dictionary
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Number of New Energy Researchers Increasing

Number of energy-based PhD dissertations

Based on 191 U.S.-based institutions
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Stock of Disssertations/Scientists Correlates with Flow of Patents

Note: binned scatterplot, data aggregated to tech-year level
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Raw Output-Approp Relationship
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Empirical Strategy and Results



Empirical Setting: Estimating the impact of DOE R&D funding

We want to estimate β: the impact of DOE R&D funding on the supply of scientists

and innovation.

For energy technology j , year t:

log(Dissflow
jt ) = α + β log

(
Appropstock

jt

)
+ ωjt + εjt

Diss – count of dissertations (or patents or scientific articles)

Approp – Dept. of Energy R&D appropriations (discounted stock of the previous N years)

β – output elasticity of funding

ω – productivity shock: could lead to omitted variable bias; unobservable to us

εjt – idiosyncratic error
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Empirical Setting: We observe both requests and appropriations.

� Appropstock
jt funding determined through a political budget process:

- DOE requests are made (based on productivity expectations)

- Congressional appropriations typically differ from the requests

� There is some random variation we can leverage for identification in:

Windfalljt = log(Appropjt)− log(Requestsjt)

� Windfalls may reflect:

- Random congressional deviations (which may be useful for identification)

- Systematic responses to DOE requests and strategic budgeting where DOE anticipates

Congressional biases. ⇒ could reflect expected productivity rather than a purely exogenous

shock
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Empirical Challenge: Isolating quasi-random variation

Predict Appropriations based on observables:

log Appropjt = fjt(log Requestjt ,PoliticalPartyt ,Dirtyj) + ejt

� Appropjt is the amount appropriated for tech j in year t (flow)

� fjt(.) is a flexible function which can be tech and/or year specific

� Requestjt is the amount requested for tech j in year t (flow)

� PoliticalPartyt are a series of variables capturing whether POTUS/Senate/House are

Republican/Democrat and whether POTUS is of the same party as the Senate and/or the

House

� Dirtyj : oil, gas, coal

We then use the residual êjt to construct an instrument for the stock of appropriations at time

t.
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Empirical Challenge: Isolating Quasi-Random Variation

Predict Appropriations based on Observables:

log Appropjt = fjt(log Requestjt ,PoliticalPartyt ,Dirtyj) + ejt

� Specification 1: log Requestjt X year f.e., year f.e. (R2 = 92%)

� Specification 2: + tech f.e. (R2 = 93%)

� Specification 3: + political variables X dirty indicators (R2 = 94%)

� Specification 4: + log Requestjt X political variables X dirty indicators (R2 = 94%)

� Specification 5: + square and cube of log Requestjt (R2 = 96%)

Residual êjt ≈ log ηjt ⇒ ηjt = exp(êjt) =
Ajt

Âjt
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Predicting Appropriations: Residuals ηjt across Technologies over Time
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Constructing the Instrument

log Appropjt = fjt(log Requestjt ,PoliticalPartyt ,Dirtyj) + ejt

� Predicted appropriations: ˆAppropjt

� Predicted stock of appropriation:

ˆApprop
stock

jt =
∑
τ

(1− δ)τ ˆAppropj(t−τ) (1)

� Instrument:

Z = log Appropstock
jt − log ˆApprop

stock

jt (2)

� Assumptions:

- Some source of quasi-random shocks independent from productivity (e.g. political noise)

- Congress does not have better information about ωjt than the DOE, i.e. DOE are the

experts.
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Further Empirical Challenge: Non-Random Exposure?

� Problem: Some technologies or years may be more “treated” (higher windfalls) for

systematic reasons

- e.g., a 1% shock in appropriations implies a much larger dollar value shock for technologies

with larger base levels of appropriations

⇒ A problem of non-random exposure to random shocks

� Solution: Recenter the instrument to remove the endogenous component following

Borusyak & Hull (2023)

� Intuition: Predict the “expected” windfalls and use only deviation from this as the

identifying variation
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Some technologies have systematically larger windfalls
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Construct a recentered instrument using permutations

� Randomly permute η̂jt across units to create artificial appropriation values:

˜Approp
(n)

jt = ˆAppropjt × exp(η̂j′t′)

� Compute the expected approp stock using the recursive accumulation equation:

˜Appropstock
jt

(n)

= δAppropstock
j(t−1) + ˜Approp

(n)

jt

� Average across N permutations:

µjt =
1

N

∑
n

log( ˜Appropstock
jt

(n)

)

� Final instrument:

zjt = log(Appropstock
jt )− µjt
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Recentered Instrument: 50% discount rate, τ lag 0
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Recentered Instrument: 50% discount rate, τ lag 1
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Recentered Instrument: 10% discount rate, τ lag 0
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Recentered Instrument (After Controls) Across Tech (50% discount, τ lag 0)
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IV estimation

� Second Stage:

log(Dissflow
jt ) = β log

(
Appropstock

jt

)
+ Controls + εjt (3)

� First Stage:

log
(
Appropstock

jt

)
= γzjt + Controls + ujt (4)

� Controls:

� Specification 1: year f.e.

� Specification 2: + tech f.e.

� Specification 3: + political variables X dirty indicators

� Specification 4: (same)

� Specification 5: (same)

� Inference: BH permutation procedure
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Results Across Specifications
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Results Across Outcomes

45



Results Across Different Discount Rates
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Key Take-Aways for Now
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Budget Cuts at the DOE → Fewer Scientists and Engineers
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Any question/comment, email me: e.dugoua@lse.ac.uk

Thank you!

Eugenie Dugoua
www.eugeniedugoua.com

London School of Economics and Political Sciences
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Appendix



Standard Error Computation: Permutation Approach

Estimation Across Permutations

� Re-estimate the main model

� Obtain estimates β̂(n) for each permutation n.

Compute Standard Errors

� Compute the empirical standard deviation:

SE (β̂) =

√
1

N

∑
n

(β̂(n) − β̄)2

� Where:

β̄ =
1

N

∑
n

β̂(n)



The DOE Sprawls across Technologies... and Across Missions (R&D vs non

R&D)

� Offices of...

� Electricity

� Indian Energy Policy

� ARPA-E

� Efficiency & Renewables

� Environmental Mgmt.

� Fossil Energy and Carbon Mgmt.

� Legacy Mgmt.

� Loan Programs

� Nuclear Energy

� Science

� Cybersecurity & Energy Security

� A.I. & Technology

� 84 locations (21 labs & centers)

� 14K fed. employees + 95K contractors



Addressing Climate Change will Require Significant Innovation



Where we could use lots of feedback

� Is this an interesting question / potential contribution?

� Direct funding is important for increasing quant of energy researchers

� Bringing scientists into energy matters for driving energy innovation

� Human capital in general matters - and there are frictions in educ

� Method: a few potential approaches.

� Is tech-year windfall variation convincing?

� And if so, funding stocks? (vs. lags vs. moving averages)

� Is current prod fn approach convincing? Or...

� IV with windfalls? (basically equivalent anyway and weak IV)

� Use data at grant and dissertation level? (but don’t have exog variation)



Connections to literature

Inelasticities in research

� Goolsbee (1998)

� Myers (2020)

� Dugoua & Gerarden (2024)

Human capital & innovation

� Romer 2000; Van Reenan (2020)

� Bianchi and Giorcelli, (2019)

� Akcigit et al., WP (2020)

Innovation in the energy sector

� Johnstone et al. (2010), Newell et al.

(1999), Noailly and Smeets (2015),

Popp (2002), and Popp and Newell

(2012)

Gov’t funded research

� Azoulay et al. (2019); Howell (2017);

Pless (2022)

Political economy and public finance

� Exploiting noise in political bargaining

for evaluating programs

University science & firms

� Cohen, Nelson, Walsh (2002)

� Fleming et al. (2019)



Estimates of the Social Returns to R&D (Jones 2022)





How the DOE decides on Requests

Example from FY 1997:

”In a time of fiscal austerity”... Early 1990s recession, strong pressure to reduce

government spending.

Energy Efficiency and Renewable Energy Programs represent an appropriate government

role in technology R&D



Stock of Disssertations/Scientists Correlates with Flow of Patents

log(Patentjt, flow) = β log(Dissjt, stock) + ...FE...+ εjt

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

Diss, stock 0.931*** 0.570***

(0.113) (0.178)

... × dirty 0.914*** 0.786

(0.0957) (1.173)

... × clean 1.002*** 0.610**

(0.0997) (0.265)

N jt obs. 231 231 231 231

year-t FE Y Y Y Y

tech-j FE Y Y



Trends in Dissertations Mirror Trends in Funding

Challenge: other factors may drive both funding and patents and dissertations



Trends in Dissertations Mirror Trends in Funding

Challenge: other factors may drive both funding and patents and dissertations



Some technologies have systematically larger windfalls



Identifying Variation: Recentered Instrument (residualized after controls)

Average over time for each tech for different discount rates

For Specification 5 and τ lag 0



Identifying Variation: Recentered Instrument (residualized after controls)

Average over all technologies for different specifications

50% discount rate, τ lag 0





Recentered Instrument Acr0ss Tech (50% discount rate, τ lag 0)



Key Take-Aways for now

For energy technology j , year t:

log(Dissflow
jt ) = α + β log

(
Appropstock

jt

)
+ ωjt + εjt

� β is around 0.2-0.4 for both patents and dissertations

- Cost per dissertation: $3-6 million

- Cost per patent: $1-2.5 million

If mean (commercial) value of patents is $10 million,

⇒ Benefit-cost ratio of 1.6 to 3.3 (not including social value from emission reduction)
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