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The Economics of Science
Part Un: Open Science

• Aghion, Dewatripont, & Stein. “Academic Freedom, Private Sector Focus, and the Process of 

Innovation.” 

• Azoulay, Fons-Rosen, & Graff Zivin. “Does Science Advance One Funeral at a Time?” 

• Azoulay, Graff Zivin, & Manso. “Incentives and Creativity: Evidence from the Academic Life 

Sciences”  

• Furman & Stern. “Climbing Atop the Shoulders of Giants: The Impact of Institutions on 

Cumulative Research” 

• Hill & Stein. “Race to the Bottom: Competition and Quality in Science.”



Marginal Returns and Spillovers of Science
and the basic—applied spectrum 

• Azoulay, Li, Graff Zivin, & Sampat. “Public R&D Investment and Private Sector Patenting: Evidence 
from NIH Funding Rules.” 

The Review of Economic Studies 86, no. 1 (2019): 117-152.  

• Myers & Lanahan. “Estimating Spillovers from Publicly-Funded R&D: Evidence from the US 
Department of Energy.” 

American Economic Review 112, no. 7 (2022): 2393-2423.  

• Bloom, Schankerman, & Van Reenen. “Identifying Technology Spillovers and Product Market Rivalry.” 

Econometrica 81, no. 4 (2013): 1347-1393.



Identifying Technology 
Spillovers and Product 

Market Rivalry
Bloom, Schankerman, & Van Reenan 

Econometrica 81, no. 4 (2013): 1347-1393



Summary
Bloom, Schankerman, Van Reenan (2013)

• Approach: 

• Construct technology- and product-market spillover matrices 

• Construct own R&D stocks based on lagged data 

• Instrument R&D spending with state-specific R&D tax credits 

• Construct “spillover” R&D stocks by interacting matrices and other-firms’ stocks 

• Findings: 

• Over-investment in R&D when looking at product markets 

• Under-investment in R&D when looking at technology markets 

• The latter is much larger than the former  we are underinvesting in R&D!⇒



Now, what about…

• … the econometrics of working with spillover matrices 

• … absorptive capacity 

• … the (relatively) high private returns to R&D 

• … state-specific tax credits and R&D reallocations 

• … markets for technologies and “spillovers” versus “externalities” 

• … other sources of distortions in R&D



Now, what about:
Working with spillover matrices

Stay up to date on “Bartik” or “Shift-share” variables 

• Borusyak, Hull, & Jaravel. "Quasi-experimental shift-share research designs." The 
Review of Economic Studies (2022). 

• Goldsmith-Pinkham, Sorkin, & Swift. "Bartik instruments: What, when, why, and 
how." American Economic Review (2020). 

• de Chaisemartin & Lei. “More Robust Estimators for Panel Bartik Designs, With An 
Application to the Effect of Chinese Imports on US Employment.” Working Paper 
(2023)



Now, what about:
Absorptive capacity

Def’n: Doing more R&D now helps you benefit from others’ R&D in the future 

• Cohen & Levinthal. "Innovation and learning: the two faces of R&D." The 
Economic Journal (1989). 

• Aghion & Jaravel. "Knowledge spillovers, innovation and growth." The Economic 
Journal (2015).



Now, what about:
the relatively high returns to R&D

Stay in contact with the finance and accounting literature 

• Brown, Fazzari, & Petersen. "Financing innovation and growth: Cash flow, 
external equity, and the 1990s R&D boom." The Journal of Finance (2009). 

• Cheng. "R&D expenditures and CEO compensation." The Accounting Review 
(2004).



Now, what about:
state-specific R&D tax credits

Don’t forget the aggregate! 

• Wilson. "Beggar thy neighbor? The in-state, out-of-state, and aggregate effects of 
R&D tax credits." The Review of Economics and Statistics (2009). 

“I estimate that the long-run elasticity of in-state R&D with respect to the in-state user 
cost is about -2.5, while its elasticity with respect to out-of-state user costs is a 

bout+2.5, suggesting a zero-sum game among states.”



Now, what about:
the market for technology

“Spillovers” are not necessarily “externalities”  

• Arqué-Castells & Spulber. "Measuring the private and social returns to R&D: Unintended 
spillovers versus technology markets." Journal of Political Economy (2022). 

“This finding cautions against the common practice of assuming that spillover pools contribute 
purely to the social returns … the wedge between the social and private returns to R&D is 

smaller than estimated in earlier studies. Finally, back-of-the-envelope estimates suggest that 
the gains from trade in the market for technology are larger than $1 trillion per year” 

. 



Now, what about:
other distortions in R&D

Jones & Williams. "Too much of a good thing?" Journal of Economic Growth (2000). 

• Over- or under-investment in R&D due to: 

• Imperfect price discrimination of consumers (“surplus approp. problem”) 

• Imperfect price discrimination of suppliers (“knowledge spillovers”) 

• R&D effort duplication (“simultaneous discovery”) 

• Creative destruction (“business stealing”) 

• Only three of these are captured in Bloom, Schankerman, Van Reenan (2013)



Jones & Williams (2000)
change in aggregate R&D per friction

• Internalize duplications: R&D would decline by ~35%  

• Internalize creative destruction: R&D would decline by ~25% 

• Internalize knowledge spillovers: R&D would rise by ~25% 

• Internalize consumer surplus: R&D would rise by ~140% 

• Remember, based on a calibration, but still… 



Estimating Spillovers from 
Publicly-Funded R&D: Evidence 

from the US Department of Energy
Myers & Lanahan 

American Economic Review 112, no. 7 (2022): 2393-2423



Outline

1. Motivation & Setting

2. Research Design & Data

3. Main Results

4. Additional Results & Takeaways

e.g., you’d miss ⇠50% of spillovers

if you used citation paper trails



R&D Spillovers,

Small Business R&D Grants,

and the US Department of Energy



Small Business Innovation Research (SBIR) at the
U.S. Department of Energy (DOE)

• SBIR: $150K – $1M research grants to small firms (500 emp.)

• at DOE: Large reliance on targeted funding, “please invent ”
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Small Business Innovation Research (SBIR) at the
U.S. Department of Energy (DOE)

• SBIR: $150K – $1M research grants to small firms (500 emp.)

• at DOE: Large reliance on targeted funding, “please invent ”



A Case Study: Subsurface Insights, Inc.

• Based in New Hampshire ! projects across U.S. & Europe

• Initial funding to monitor contamination zones ! now supplying

aquifer thermal energy storage companies



When are R&D Subsidies Successful?



We already know it works! (Howell 2017)



Possible approaches to catching spillovers?

• a la Bloom et al. (2013)

• a la Azoulay et al. (2018)



Data Sources & Research Design



Empirical Model

For each area of technology-space j in year t:

E[Yjt |Kjt ] = exp
�
log(Kjt)� + ⌧t + !jt

�
(1)

• Yjt : Flow of patents

• Kjt : Stock of DOE SBIR investments

• ⌧t : Aggregate trends

• !jt : Unobservable supply/demand shocks
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• Yjt : Flow of patents

• Kjt : Stock of DOE SBIR investments

• ⌧t : Aggregate trends

• !jt : Unobservable supply/demand shocks

What are j?

- 10,000 levels of the Cooperative Patent Classification (CPC)

- 1 or more assigned to all patents

- “zip codes” of technology space

- Designed to help examiners (not researchers!)



Dataset Construction
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How to measure match between award topic and j?

- If DOE asks for a “giant blue laser”...

...and all patents that mention a “giant blue laser” are class j=1

...then we assume DOE is most interested in j=1

- 3-gram tf-idf cosine similarity

- Use similarity scores to group into “near, med., far” tech. distances

- No assumptions based on CPC hierarchy or citations
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- Cross-validation (Clarke ‘17)
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Dataset Construction
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Technological Areas with Largest DOE SBIR Investments

Funding Rank CPC 3-digit Title

1 G01: measuring; testing

2 H01: basic electric elements

3 H02: generation; conversion or distribution of electric power

4 H03: basic electronic circuitry

5 H04: electric communication technique

6 G06: computing; calculating; counting

7 C10: petroleum, gas or coke industries; technical gases ...

8 F16: engineering elements and units...

9 C12: biochemistry; microbiology; enzymology...

10 B60: vehicles in general

11 F02: combustion engines; hot-gas engine plants

12 B01: physical or chemical processes or apparatus



Estimating spillovers across geographic and technological space

For each area of technology-space j in year t:

(a simplified representation)

Grant recipients’ patentsjt = ↵1 + ($ invested in topics with Near distance to j)jt ⇥ �N
1

+ ($ invested in topics with Medium distance to j)jt ⇥ �M
1 + ✏1jt

All patentsjt = ↵2 + ($ invested in topics with Near distance to j)jt ⇥ �N
2

+ ($ invested in topics with Medium distance to j)jt ⇥ �M
2 + ✏2jt

• Technological spillovers

• Compare $-per-patent implied by �N versus �M

• within regression comparison of di↵erent coe�cients
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Plausibly Exogenous $: States’ Matching Policies

2006 2012 2017

Match bonus ranges between 25-100% of award value

Relevance tech. pursued by firms in match-states receive “windfalls” of R&D $
Key Assumption policies unrelated to shocks to tech.

Support policies uncorr. with small-firm movement and federal SBIR $
Generalizability a few more states " $-per-award



Plausibly Exogenous $: States’ Matching Policies

2006 2012 2017

None
Any (6)

None
Any (9)

None
Any (16)

Match bonus ranges between 25-100% of award value

Relevance tech. pursued by firms in match-states receive “windfalls” of R&D $
Key Assumption policies unrelated to shocks to tech.

Support policies uncorr. with small-firm movement and federal SBIR $
Generalizability a few more states " $-per-award



Main Results on R&D Spillovers



Summary of Magnitudes

% of net patents
$1M

$
patentpatents

Counting all USPTO patents and...

...only grant recipients 26% 0.75 $ 1,330,000

...only non-recipients nearby 20% 0.60 $ 1,680,000

...all US firms & inventors 60% 1.75 $ 571,000

...all foreign firms & inventors 40% 1.19 $ 839,000

Counting all inventors and...

...only high match patents 37% 1.10 $ 908,000

...only medium match patents 40% 1.17 $ 852,000

...only low match patents 23% 0.67 $ 1,496,000

Counting all inventors and all patents 100% 2.94 $ 340,000



Private vs. Social Value

• Something close we can study: patent value capture

• What % of net patent value generated does obtain?

• Patent value: $-worth of patent + citations

• Add’l regressions: use avg. forward citation count as dep. var.

• Finding: " cite-per-patent only for grant recipients

• Need to assume relative value of +1 citation vs. +1 patent

• Range of assumptions: [ 0 , 0.15 ]

• Note: at 0, % of net value = % of net patents



Patent Value Captured, by Firm/Inventor Set

Grant recipients obtain 25-50% of patent value
micro/macro benchmark: 30-50%
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Patent Value Captured, by Firm/Inventor Set

US firms/inventors obtain 60-75% of patent value
macro benchmark: 70-90%
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Additional Results & Takeaways



Paper trails miss a lot of spillovers
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Direct acknowledgements would yield large underestimates



Public R&D Investment and 
Private Sector Patenting: 

Evidence from NIH Funding Rules
Azoulay, Li, Graff Zivin, & Sampat 

The Review of Economic Studies 86, no. 1 (2019): 117-152



Is Science (eventually) Valuable?
the long road of Gleevec 



Azoulay, Li, Graff Zivin, & Sampat (2019)
What are the marginal returns to additional investments in basic science?

• “Marginal returns” = patents 

• Why not journal publications? 

• Value is hard to quantify 

• Mechanical connection to linkage method [know your DGP!] 

• “basic science” = US National Institutes of Health



Unit of analysis?

• Impacts policy-relevance of findings 

• “We estimate the effect of the entire US R&D budget on the world…” 

• “We estimate the effect of receiving a R&D grant on experienced scientists who receive R01 
grants by the NIH…” 

• Impacts the identifying variation we need: 

• Random funding for a disease: di#icult because we pay more attention to high-$ decisions 

• Random funding for a person: di#icult because we pay attention to choices that affect individuals 

• Possibilities are endless! 

• Individuals, labs, university departments, parts of science-space, parts of geography… 

• This is where computer/data science skills will come in handy (but don’t go crazy)



Unit of analysis: D(isease)-S(cience)-T(ime)

• No scientist does research “on cancer” 

• Work involves a science area and a disease application (e.g., cell signaling in cancer) 

• Here, research area = disease-science area for a given year 

• Work that uses similar tools / biological-pathways / approaches (basic; science) to make 
progress towards treatments or therapies for the same illness, injury, or disorder (applied; 
disease) in the same year (time) 

• Advantages 

• Allows a policy-relevant question: what happens if we provide more funding for a disease-
science area? (e.g. genetic basis of Alzheimer's) 

• D-S-T are not explicit units of funding for NIH administration (which will help with identification)



Defining each D-S-T



Defining each D-S-T

• Defining “diseases”: 

• NIH consists of 27 disease(ish)-focused Institutes/Center (e.g., National Cancer Institute; 
National Institute of Diabetes and Digestive and Kidney Diseases) 

• A grant application must report its disease area to be funded 

• Defining “science”: 

• Grant review happens in 180 science(ish)-focused “study sections” (e.g., Cellular Signaling 
and Regulatory Systems; Integrative Nutrition and Metabolic Processes) 

• A grant application must specify its science area to be evaluated 

• Defining “time”:  

• Fiscal years



Empirics
Patents??? = a + βFundingdst + ϵdst

• Where to look for outcomes? (because patents aren’t explicitly assigned to DSTs) 

• It is hard to know a priori what scientific results are relevant for a patent 

• Link grants to patents via: 

• Paper trail: acknowledgements — NIH funding directly used as a part of 
patenting work 

• Paper trail: citations — patent cites a paper that NIH funded 

• ``Nearby’’ in disease-science space (i.e., using similar language as grants/
publications)



Finding Patents
connected to NIH investments

• Direct acknowledgment: # patents by NIH-funded researchers 

• Grant → Patent 

• Answers: Does the NIH directly fund patentable research? 

• Citation-linked: # patents citing NIH-funded research 

• Grant → Publication → Patent 

• Answers: Does the NIH fund research that is directly useful to inventors? 

• ``Near-by’’: # patents intellectually related to an NIH funding area 

• Grant → Publication → Related Publication → Patent 

• Answers: Does the NIH fund research that is indirectly useful to inventors?



Patent Outcomes
Patentsd(δ)s(σ)t(τ) = a + βFundingdst + ϵdst

•  is the # of patents linked to research area  

• The patents in  can be in different diseases areas, different 
science areas, and can be issued many years after funding

Patentsd(δ)s(σ)t(τ) dst

Patentsd(δ)s(σ)t(τ)



Identification
Patentsd(δ)s(σ)t(τ) = a + βFundingdst + ϵdst

• Concern:  may be correlated with  

• Approach 1: Fixed effects 

• Assumption:  

• Scientists and the NIH (may) know everything, except for  

• Approach 2: Instrumental variable — “windfall” funding due to funding rules 

• DST funding is made up of funding for individual grants. 

• Grant applications are given cardinal scores, but funded on the basis of ordinal scores. 

• Instrument  with funding for the subset of grants funded for this reason

Fundingdst ϵdst

ϵdst = (FEd × FEs) + (FEd × FEt) + (FEs × FEt) + μdst

μdst

Fundingdst



“Windfall” Funding



Aside:  
Understanding Investment Functions 

(at the NIH)



Know your institutional details!
Source: Jacob & Lefgren (2004)



Main Results: NIH $ →

• 30% of NIH grants produce research that is cited by a private sector patent 

• $10 million of NIH funding → 2.3 more industry patents  

• NIH funding increases overall firm R&D investment 

• Increased firm patenting in one area is not offset by declines in another; rather, 
both appear to increase  

• $1 dollar in NIH funding → $0.4 to $1.7 in PDV of drug revenue 

• Disease spillovers are large 

• Half of all patents generated by additional NIH investments are for diseases 
different from the one intended



The Distribution of Science
switching and adjustment costs

• Myers. "The Elasticity of Science.” 

American Economic Journal: Applied Economics 12, no. 4 (2020): 103-134. 

• Acemoglu. "Diversity and technological progress.” 

The Rate and Direction of Inventive Activity Revisited (2011). University of Chicago 
Press, 319-356. 



Aside:  
Estimating Demand in Science



We are often focused on scientists’ (demand) choices

• And these choices can often be formulated as a discrete choice problem 

• What science to study? 

• What collaborator to work with? 

• What journal to submit to? 

• What results to report? [note: continuous things here too; e.g., p-hacking) 

• Estimate or motivate (or both) 

• e.g., Krieger, Myers, & Stern. “How Important is Editorial Gatekeeping? Evidence 
from Top Biomedical Journals” Review of Economics and Statistics (forthcoming).



We are often focused on scientists’ (demand) choices
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We are often focused on scientists’ (demand) choices
e.g., Krieger, Myers, & Stern. “Editorial Gatekeeping”



Often, scientists’ “demand” = “entry”

• Standard IO market entry model 

• Decision-maker: firm 

• Competition: other firms 

• Market: geographic location; product space 

• Market features: consumer demand; fixed costs of entry  

• See: 

• Seim. "An empirical model of firm entry with endogenous product-type choices." The RAND 
Journal of Economics (2006).  

• Bajari, Hong, Krainer, & Nekipelov. “Estimating static models of strategic interactions. 
Journal of Business & Economic Statistics (2010). 



Often, scientists’ “demand” = “entry”

• Standard IO market entry model 

• Decision-maker: scientists 

• Competition: other scientists 

• Market: geographic location; science space 

• Market features: consumer demand; fixed & variable costs of entry 

• See: 

• Seim. "An empirical model of firm entry with endogenous product-type choices." The RAND 
Journal of Economics (2006).  

• Bajari, Hong, Krainer, & Nekipelov. “Estimating static models of strategic interactions. 
Journal of Business & Economic Statistics (2010). 



The Distribution of Science
switching and adjustment costs

• Myers. "The Elasticity of Science.” 

American Economic Journal: Applied Economics 12, no. 4 (2020): 103-134. 

• Acemoglu. "Diversity and technological progress.” 

The Rate and Direction of Inventive Activity Revisited (2011). University of Chicago 
Press, 319-356. 



The Elasticity 
of Science

Myers 
American Economic Journal: Applied Economics 12, no. 4 (2020): 103-134.



Motivation: The Elasticity of Science
(ex-post rationalization of PhD madness)

• An economy is (generally) more e#icient when producers face low adjustment costs 

• Demand shifts  the fast supply catches up, the better 

• e.g., the clean energy transition 

• Acemoglu, Aghion, Bursztyn, & Hemous. "The environment and directed technical change." 
American Economic Review (2012). 

• Aghion, Dechezleprêtre, Hemous, & Van Reenen. "Carbon taxes, path dependency, and directed 
technical change: Evidence from the auto industry.” Journal of Political Economy (2016). 

What actually happened …

→







Technical ``Outsiders’’ Perform Better



Targeted Funding at the NIH



Requests For Applications (RFAs)
an example
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Requests For Applications (RFAs)
an example



RFAs don’t appear to target “hot” topics
regression results



Scientists like being “close” to “big” RFAs
raw data



Measuring Scientific Similarity
(and communicating it too)



A Simple Entry Model
handling competitive expectations

• Concern: If scientists like RFAs that are bigger ($) … 

• … scientists will know that RFAs with larger “purses” will attract many others … 

• … which increases competitive expectations … 

• … which could mute the effect of purse size on Pr(apply)  

• Concern: If scientists like RFAs that are (scientifically) similar… 

• … scientists will know that RFAs in dense areas will attract many others … 

• … which increases competitive expectations … 

• … which could mute the effect of scientific similarity on Pr(apply)



A Simple Entry Model
handling competitive expectations (Bajari et al. 2010)

• Estimate scientists’ expectations of how many others will enter: 

•  

•  

•
 

• Estimate scientists’ own probability of entering, given these expectations: 

•

Pr(Entryij) = a + βSimilarityij + γPursej + ϵij

E[Pr(Entryij)] = ̂a + ̂βSimilarityij + ̂γ Pursej

ñij = ∑
i′ ≠i

( ̂a + ̂βSimilarityi′ j + ̂γ Pursej)

Pr(Entryij) = α + σSimilarityij + ϕPursej + δñij + εij



Results: Entry Model

ignoring competition 
severely biases 

(downward) 
responsiveness to $



The Elasticity of Science
from entry model parameters to adjustment costs

• Estimate scientists’ own probability of entering, given these expectations: 

•  

•  

•  

• Elasticity of science: the percent change in scientific similarity that can be 
induced with a percent change in (expected) funding 

• EoS:    

Pr(Entryij) = α + σSimilarityij + ϕPursej + δñij + εij

σ ≡ ∂ Pr(Entry)/∂Similarity

ϕ ≡ ∂ Pr(Entry)/∂Purse

σ/S
ϕ/P



How much $ does it take?
elasticity of science  0.1≈

1 standard deviation 



Adjustment Costs Look Large!
but, are they policy-relevant?

• Two major channels at the NIH: 

• “Investigator-initiated” / “open”: propose (almost) whatever you want 

• RFAs: propose something within the scope of objectives 

• If adjustment costs are first-order and there aren’t a ton of scientists close to each 
RFA, then in equilibrium: 

• Scientists will see the RFAs and compare the extra adjustment costs relative to 
the extra expected payoff 

• But, they will never fully dissipate all (expected) rents in the RFAs 

• And, the size of those rents will equal the adjustment costs



Expected Costs and Benefits
RFAs versus Open channels

RFA applications 
are less similar

RFA applications are 
more likely to win 

RFA awards are 
larger 



Are re-directions persistent?
yes



Summary & Take-aways
Myers (2020). “The Elasticity of Science”

• The adjustment costs of modern (biomedical-like) science are very large 

• In both absolute terms, and relative to current grant sizes 

• Targeted funding mechanisms: 

• Give rents to scientists who apply 

• Cause significant changes in trajectory for winners 

• Cause as many (if not more) total publications compared to “open” channels 

•  there could be a pseudo-deadweight-loss of intervening in science with $ 

• [caveat: on the scale of how RFAs are used at the NIH in this period] 

• [caveat: don’t forget Sampat (2012) Hegde & Sampat (2015)]

⇒



Diversity and 
Technological Progress

Acemoglu 
The Rate and Direction of Inventive Activity Revisited (2011)



Simple Model: Setup
Acemoglu (2011)

• Two periods ; no discounting 

• Two technologies  (sellable at ) and  (un-sellable at ) 

• Sellable (“active”): if scientist makes improvement, they’re rewarded  

• At , “quality” of both technologies = 1 

• A scientist as 1 unit of time, can devote some share  to studying tech.  

• Quality of tech. improves with prob. ;  is concave and well-behaved 

• Improvement moves quality from , where  

• Receive payoff of  if successful

t = {1,2}
j t = 1 j′ t = 1

t = 1
x

h(x) h()
1 to (1 + λ) λ > 0

(1 + λ)



Expected payoff
 : scientists share of effort devoted to tech.  (note:  ) 

 : prob. other scientist wins in either tech. 
 : prob. of switch from tech.  to 

xj j xj′ 
= 1 − xj

v
p j j′ 

 

                                        

π(xj) = h(xj)
⏟
prob.
win j

× (1 + λ)
payoff
in t = 1

+ h(xj)[(1 − v)(1 − p)]

prob. still winner
& no demand shift

× (1 + λ)
payoff
in t = 2

+h(1 − xj)[(1 − v)p]

prob. win j′ 

& no demand shift

× (1 + λ)
payoff
in t = 2



Comparative static
 is increasing in  (= prob. other scientist wins)x*j v

• Invest more in active tech. when “competition” is stronger  

• Examples of  in practice? 

• Actual competition from other scientists 

• Knowledge / skill / ability / etc. 

• Fixed costs

v



Social Planner’s Expected Payoff
(it doesn’t matter who wins)

 Π(xj) = h(xj)[(1 + (1 − v)(1 − p)(1 + λ))
private returns in j

+ v(1 − p)(1 + λ)2

social returns in j

]

h(1 − xj)[ [(1 − v)p(1 + λ))
private returns in j′ 

+ vp(1 + λ)2

social returns in j′ 

]



Private vs. Social Optimum
Key result:  xsocial*

j′ 

> xprivate*
j′ 

• Social planner wants more effort in the alternative tech. ( ) than scientist does 

• Comparative static 

• Invest more in active tech. when “competition” is weaker, i.e.,  

• Recall, the opposite is true for the scientists’ problem 

Wedge between private and social optimum grows with “competition”!

j′ 

∂xsocial*
j /∂v < 0

⇒



Counter-acting forces 
that push against distortionary profit-seeking

• Adjustment costs 

• Forecast (belief) differences 

• Technology-specific competencies or preferences 

• In other words, getting “stuck” in a certain field is great if your field happens to 
be valuable in the future! 

• Thesis I’d love to see: how close are observed adjustment costs of science to the 
socially optimal adjustment costs?



Kortum’s Comment
(in the same volume)

• In Acemoglu, early progress in non-active tech. quickly becomes superseded 

• Kortum: what about differing returns to scale? 

• How large are the dis-incentives from competition relative to the incentives from 
learning from more scientists? 

• Is separating these forces from the aggregate returns to scale policy-relevant?



The Allocation of Science

• Jones. "The burden of knowledge and the “death of the renaissance man”: Is 
innovation getting harder?" The Review of Economic Studies (2009). 

• Bryan & Lemus. "The direction of innovation." Journal of Economic Theory (2017). 

• Hopenhayn & Squintani. "On the direction of innovation." Journal of Political 
(2021). 

• See also, work in experimental socio-psych. on how scientists generate, 
perceive, and evaluate ideas 

• Note: much to be done on connecting socio-psych. findings with macro models



Sourcing Research Ideas from Macro Models
as an applied micro-economist

• Macroeconomic models tell us what parameters “matter” 

• Parameters are either: 

• In the model 

• Informed by prior empirical work [but is that work good, or still true?] 

• Not in the model 

• Implicitly assumed to be 0 or 1 [but is it!?]



Innovation 2023
NBER Summer Institute Redux
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