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Why Do Countries Differ in ?A

■ Development accounting suggests differences in  are important 

■ Romer model endogenizes  as a process of knowledge (idea) accumulation 

■ So why can’t India use the same ideas to achieve the same  as the US? 
• Ideas are non-rival, so the same idea can be used by India and the US 

■ Two hypotheses: 
1. Slow adoption and diffusion of new technologies (brief and suggestive) 
2. Misallocation (our main focus today)
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1. Understanding the Diffusions of New 
Technologies 

— Kalyani, Bloom, Carvalho, Hassan, Lerner, Tahoun (2025)
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Goal

■ Goal: understanding how new technologies diffuse geographically 

■ We will focus on the diffusion inside the US 
• would love to see global evidence
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Defining New Technology

1. Record all bigrams that appear in the well-cited patents for the first time since 1970 

• Examples: “fingerprint sensor”, “greenhouse gases" 

2. Keep the bigrams that appear in major entries of the Wikipedia 

• Needs to have a section mentioning the use/application 

• This excludes “greenhouse gases” and keeps “fingerprint sensor” 

3. Define “emergence year” when # of patents mentioning it starts to grow 

4. Define “pioneering locations” if CBSAs collectively account for 50% of patents 

5. Use the online job postings data and record whether the technology is mentioned
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Example from 1980s
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THE DIFFUSION OF NEW TECHNOLOGIES 1313 
TABLE I 

TOP TECHNOLOGIES BY YEAR OF EMERGENCE 
Emergence 
year Wikipedia title 

(technology) Technology bigrams Number of 
job postings 

1979 Hard disk drive hard disk; disk drive 34,211 
1980 Barcode reader barcode reader; code reader; 

code scanner; barcode scanner 43,279 
1981 Laser diode emitting laser; diode laser; 

semiconductor laser; laser diode 7,284 
1982 Personal computer personal computer 1,752,726 
1983 Flat-panel display panel display; flat panel 27,369 
1984 User interface user interface 747,586 
1985 Mobile phone mobile telephone; cellular 

telephone; phones mobile; 
cellular phone; mobile phone; 
cell phone 

1,832,787 
1986 Facial recognition 

system frt system; recognition software; 
recognition system; recognition 
technology; facial recognition 

25,109 
1987 Digital video digital video 88,887 
1988 Model organism animal model 24,722 
1989 Mobile device held computer; computer device; 

handheld computer; mobile 
device 

1,046,079 
1990 Debit card cards debit; card debit; debit 

card 260,282 
1991 Flash memory flash device; nand flash; flash 

memory 22,882 
1992 Machine learning learning algorithm; machine 

learning 491,252 
1993 Financial 

instrument financial instrument 43,944 
1994 Active users active user 39,671 
1995 Hybrid electric 

vehicle hybrid electric 8,207 
1996 Digital content digital content 144,775 
1997 Multicore 

processor multi core; core processor 29,643 
1998 Information 

privacy data protection 176,110 
1999 Unmanned aerial 

vehicle aerial vehicle; unmanned aerial 24,148 
2000 Transaction 

account transaction account 13,012 
2001 Smartphone smart phone 910,856 
2002 Online game online game 15,254 
2003 Social networking 

service networking site; social 
networking 244,610 
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Example from 1990s
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THE DIFFUSION OF NEW TECHNOLOGIES 1313 
TABLE I 

TOP TECHNOLOGIES BY YEAR OF EMERGENCE 
Emergence 
year Wikipedia title 

(technology) Technology bigrams Number of 
job postings 

1979 Hard disk drive hard disk; disk drive 34,211 
1980 Barcode reader barcode reader; code reader; 

code scanner; barcode scanner 43,279 
1981 Laser diode emitting laser; diode laser; 

semiconductor laser; laser diode 7,284 
1982 Personal computer personal computer 1,752,726 
1983 Flat-panel display panel display; flat panel 27,369 
1984 User interface user interface 747,586 
1985 Mobile phone mobile telephone; cellular 

telephone; phones mobile; 
cellular phone; mobile phone; 
cell phone 

1,832,787 
1986 Facial recognition 

system frt system; recognition software; 
recognition system; recognition 
technology; facial recognition 

25,109 
1987 Digital video digital video 88,887 
1988 Model organism animal model 24,722 
1989 Mobile device held computer; computer device; 

handheld computer; mobile 
device 

1,046,079 
1990 Debit card cards debit; card debit; debit 

card 260,282 
1991 Flash memory flash device; nand flash; flash 

memory 22,882 
1992 Machine learning learning algorithm; machine 

learning 491,252 
1993 Financial 

instrument financial instrument 43,944 
1994 Active users active user 39,671 
1995 Hybrid electric 

vehicle hybrid electric 8,207 
1996 Digital content digital content 144,775 
1997 Multicore 

processor multi core; core processor 29,643 
1998 Information 

privacy data protection 176,110 
1999 Unmanned aerial 

vehicle aerial vehicle; unmanned aerial 24,148 
2000 Transaction 

account transaction account 13,012 
2001 Smartphone smart phone 910,856 
2002 Online game online game 15,254 
2003 Social networking 

service networking site; social 
networking 244,610 
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THE DIFFUSION OF NEW TECHNOLOGIES 1313 
TABLE I 

TOP TECHNOLOGIES BY YEAR OF EMERGENCE 
Emergence 
year Wikipedia title 

(technology) Technology bigrams Number of 
job postings 

1979 Hard disk drive hard disk; disk drive 34,211 
1980 Barcode reader barcode reader; code reader; 

code scanner; barcode scanner 43,279 
1981 Laser diode emitting laser; diode laser; 

semiconductor laser; laser diode 7,284 
1982 Personal computer personal computer 1,752,726 
1983 Flat-panel display panel display; flat panel 27,369 
1984 User interface user interface 747,586 
1985 Mobile phone mobile telephone; cellular 

telephone; phones mobile; 
cellular phone; mobile phone; 
cell phone 

1,832,787 
1986 Facial recognition 

system frt system; recognition software; 
recognition system; recognition 
technology; facial recognition 

25,109 
1987 Digital video digital video 88,887 
1988 Model organism animal model 24,722 
1989 Mobile device held computer; computer device; 

handheld computer; mobile 
device 

1,046,079 
1990 Debit card cards debit; card debit; debit 

card 260,282 
1991 Flash memory flash device; nand flash; flash 

memory 22,882 
1992 Machine learning learning algorithm; machine 

learning 491,252 
1993 Financial 

instrument financial instrument 43,944 
1994 Active users active user 39,671 
1995 Hybrid electric 

vehicle hybrid electric 8,207 
1996 Digital content digital content 144,775 
1997 Multicore 

processor multi core; core processor 29,643 
1998 Information 

privacy data protection 176,110 
1999 Unmanned aerial 

vehicle aerial vehicle; unmanned aerial 24,148 
2000 Transaction 

account transaction account 13,012 
2001 Smartphone smart phone 910,856 
2002 Online game online game 15,254 
2003 Social networking 

service networking site; social 
networking 244,610 
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Example from 2000s
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THE DIFFUSION OF NEW TECHNOLOGIES 1313 
TABLE I 

TOP TECHNOLOGIES BY YEAR OF EMERGENCE 
Emergence 
year Wikipedia title 

(technology) Technology bigrams Number of 
job postings 

1979 Hard disk drive hard disk; disk drive 34,211 
1980 Barcode reader barcode reader; code reader; 

code scanner; barcode scanner 43,279 
1981 Laser diode emitting laser; diode laser; 

semiconductor laser; laser diode 7,284 
1982 Personal computer personal computer 1,752,726 
1983 Flat-panel display panel display; flat panel 27,369 
1984 User interface user interface 747,586 
1985 Mobile phone mobile telephone; cellular 

telephone; phones mobile; 
cellular phone; mobile phone; 
cell phone 

1,832,787 
1986 Facial recognition 

system frt system; recognition software; 
recognition system; recognition 
technology; facial recognition 

25,109 
1987 Digital video digital video 88,887 
1988 Model organism animal model 24,722 
1989 Mobile device held computer; computer device; 

handheld computer; mobile 
device 

1,046,079 
1990 Debit card cards debit; card debit; debit 

card 260,282 
1991 Flash memory flash device; nand flash; flash 

memory 22,882 
1992 Machine learning learning algorithm; machine 

learning 491,252 
1993 Financial 

instrument financial instrument 43,944 
1994 Active users active user 39,671 
1995 Hybrid electric 

vehicle hybrid electric 8,207 
1996 Digital content digital content 144,775 
1997 Multicore 

processor multi core; core processor 29,643 
1998 Information 

privacy data protection 176,110 
1999 Unmanned aerial 

vehicle aerial vehicle; unmanned aerial 24,148 
2000 Transaction 

account transaction account 13,012 
2001 Smartphone smart phone 910,856 
2002 Online game online game 15,254 
2003 Social networking 

service networking site; social 
networking 244,610 
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1314 THE QUARTERLY JOURNAL OF ECONOMICS 
TABLE I 

CONTINUED 
Emergence 
year Wikipedia title 

(technology) Technology bigrams Number of 
job postings 

2004 Electronic 
discovery electronic format 56,438 

2005 LED circuit led driver 2,575 
2006 Augmented reality augmented reality 20,537 
2007 Self-driving car autonomous vehicle 18,641 

Notes . This table reports the top technology by number of mentions in earnings calls (in the second col- 
umn) for every year of emergence between 1976 and 2007. The third column lists the associated technology 
bigram(s). The last column lists the number of job postings that the bigram appears in. For the year of emer- 
gence 1999, the most frequent technology in earnings calls was “adverse event.” We replace “adverse event”
(because it gets dropped in our human audit) with the next most frequent technology, “unmanned aerial 
vehicle.” See the main text for details. 
include the smartphone, social networking, and the self-driving 
car. Taken together, these technologies appear to accurately re- 
flect the changing nature of technological innovation over the 
past decades. Online Appendix Table 3 lists all new technologies 
that are mentioned in more than 100 earnings calls. Although we 
make no claim of completeness, we argue they constitute perhaps 
the most representative sample of economically impactful techno- 
logical innovations constructed to date. 

Table II provides examples of the pioneer locations for sev- 
eral technology bigrams. For example, pioneer locations for ma- 
chine learning (a technology that emerged in 1994 according to 
our measure) are New York, Seattle, San Jose, and San Francisco, 
whereas digital imaging’s pioneers are Rochester (Kodak’s head- 
quarters), San Jose, San Francisco, and Fort Collins (the longtime 
home of Hewlett Packard’s desktop and peripherals business). 19 

These steps illustrate how, once we have identified a list of 
new technologies and their associated phrases, we can build a rich 
panel data set of these technologies by identifying their mentions 
in other text sources. We expand on this theme next. 

19. Online Appendix Table 4 shows, for selected states, the technology where 
the state most dominated early innovation, that is, the technology where the state 
contributed the largest share of early patenting. The table also shows intuitive 
patterns. For example, Massachusetts accounts for 13.6% of the early patenting in 
the technology “antibody-drug conjugate”; similarly, Michigan accounts for 49.9% 
in “electronic stability control.”
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THE DIFFUSION OF NEW TECHNOLOGIES 1313 
TABLE I 

TOP TECHNOLOGIES BY YEAR OF EMERGENCE 
Emergence 
year Wikipedia title 

(technology) Technology bigrams Number of 
job postings 

1979 Hard disk drive hard disk; disk drive 34,211 
1980 Barcode reader barcode reader; code reader; 

code scanner; barcode scanner 43,279 
1981 Laser diode emitting laser; diode laser; 

semiconductor laser; laser diode 7,284 
1982 Personal computer personal computer 1,752,726 
1983 Flat-panel display panel display; flat panel 27,369 
1984 User interface user interface 747,586 
1985 Mobile phone mobile telephone; cellular 

telephone; phones mobile; 
cellular phone; mobile phone; 
cell phone 

1,832,787 
1986 Facial recognition 

system frt system; recognition software; 
recognition system; recognition 
technology; facial recognition 

25,109 
1987 Digital video digital video 88,887 
1988 Model organism animal model 24,722 
1989 Mobile device held computer; computer device; 

handheld computer; mobile 
device 

1,046,079 
1990 Debit card cards debit; card debit; debit 

card 260,282 
1991 Flash memory flash device; nand flash; flash 

memory 22,882 
1992 Machine learning learning algorithm; machine 

learning 491,252 
1993 Financial 

instrument financial instrument 43,944 
1994 Active users active user 39,671 
1995 Hybrid electric 

vehicle hybrid electric 8,207 
1996 Digital content digital content 144,775 
1997 Multicore 

processor multi core; core processor 29,643 
1998 Information 

privacy data protection 176,110 
1999 Unmanned aerial 

vehicle aerial vehicle; unmanned aerial 24,148 
2000 Transaction 

account transaction account 13,012 
2001 Smartphone smart phone 910,856 
2002 Online game online game 15,254 
2003 Social networking 

service networking site; social 
networking 244,610 
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Pioneering Locations

1. Highly educated 

2. More university
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(A) Pioneer Locations                                             (B) Distribution of Pioneer Locations

Cincinnati, OH-KY-IN
Portland-Vancouver-Hillsboro, OR-WA
Boulder, CO
Atlanta-Sandy Springs-Roswell, GA
Rochester, NY
Colorado Springs, CO

Houston-The Woodlands-Sugar Land, TX
Austin-Round Rock, TX
Dallas-Fort Worth-Arlington, TX
Minneapolis-St. Paul-Bloomington, MN-WI

Seattle-Tacoma-Bellevue, WA
Chicago-Naperville-Elgin, IL-IN-WI

San Diego-Carlsbad, CA
Los Angeles-Long Beach-Anaheim, CA

Northeast Corridor
Silicon Valley

0 10 20 30
Share of bigram-pioneers (%)

FIGURE IV 
Distribution of Pioneer Locations 

This figure shows the distribution of pioneer CBSAs. Panel A displays as blue circles CBSAs that are pioneer locations for at least 
one bigram with more than 100 earnings-call mentions. The size of the circles is proportional to the share of technology bigrams for 
which the CBSA is a pioneer location. Panel B shows a plot of the percentage of technology bigram–pioneer location pairs accounted 
for by each CBSA, for the top 20 CBSAs. We combine the CBSAs San Jose-Sunnyvale-Santa Clara, CA and San Francisco-Oakland- 
Hayw ard, C A, and label the region Silicon Valley . Similarly , we combine New York-Newark-Jersey City , Boston-Cambridge-Newton, 
Washington-Arlington-Alexandria, and Philadelphia-Camden-Wilmington, and label the region the Northeast Corridor. 
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Share of Job Postings Mentioning Technologies
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Years since emergence: 0-5 Years since emergence : 6-10

Years since emergence : 21-30Years since emergence: 11-20

FIGURE V 
Geographic Diffusion of Technology Job Postings, by Year Since Emergence 

This figure plots maps with pioneer locations and job postings associated with technology bigrams by year since bigram emergence. 
Pioneer locations are marked with solid blue circles, and technology job postings are in solid purple circles. For each CBSA and emergence 
year, we calculate the share of technology bigrams for which the CBSA records a nonnegligible presence of technology jobs ( Normalized 
share c, τ , t ≥ 10%) and denote a higher share of technology bigrams with a darker color. For example, the first map plots the share of 
technologies with a normalized share of technology job postings greater than 10% for each CBSA zero to five years since the emergence 
of the technology. The second map replicates this picture for 6 to 10 years after emergence, and so forth. The sample for this map only 
contains technologies that appear in at least 100 earnings calls. 
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Share of Job Postings Mentioning Technologies
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Years since emergence: 0-5 Years since emergence : 6-10

Years since emergence : 21-30Years since emergence: 11-20

FIGURE V 
Geographic Diffusion of Technology Job Postings, by Year Since Emergence 

This figure plots maps with pioneer locations and job postings associated with technology bigrams by year since bigram emergence. 
Pioneer locations are marked with solid blue circles, and technology job postings are in solid purple circles. For each CBSA and emergence 
year, we calculate the share of technology bigrams for which the CBSA records a nonnegligible presence of technology jobs ( Normalized 
share c, τ , t ≥ 10%) and denote a higher share of technology bigrams with a darker color. For example, the first map plots the share of 
technologies with a normalized share of technology job postings greater than 10% for each CBSA zero to five years since the emergence 
of the technology. The second map replicates this picture for 6 to 10 years after emergence, and so forth. The sample for this map only 
contains technologies that appear in at least 100 earnings calls. 
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Share of Job Postings Mentioning Technologies
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Years since emergence: 0-5 Years since emergence : 6-10

Years since emergence : 21-30Years since emergence: 11-20

FIGURE V 
Geographic Diffusion of Technology Job Postings, by Year Since Emergence 

This figure plots maps with pioneer locations and job postings associated with technology bigrams by year since bigram emergence. 
Pioneer locations are marked with solid blue circles, and technology job postings are in solid purple circles. For each CBSA and emergence 
year, we calculate the share of technology bigrams for which the CBSA records a nonnegligible presence of technology jobs ( Normalized 
share c, τ , t ≥ 10%) and denote a higher share of technology bigrams with a darker color. For example, the first map plots the share of 
technologies with a normalized share of technology job postings greater than 10% for each CBSA zero to five years since the emergence 
of the technology. The second map replicates this picture for 6 to 10 years after emergence, and so forth. The sample for this map only 
contains technologies that appear in at least 100 earnings calls. 
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Share of Job Postings Mentioning Technologies
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Years since emergence: 0-5 Years since emergence : 6-10

Years since emergence : 21-30Years since emergence: 11-20

FIGURE V 
Geographic Diffusion of Technology Job Postings, by Year Since Emergence 

This figure plots maps with pioneer locations and job postings associated with technology bigrams by year since bigram emergence. 
Pioneer locations are marked with solid blue circles, and technology job postings are in solid purple circles. For each CBSA and emergence 
year, we calculate the share of technology bigrams for which the CBSA records a nonnegligible presence of technology jobs ( Normalized 
share c, τ , t ≥ 10%) and denote a higher share of technology bigrams with a darker color. For example, the first map plots the share of 
technologies with a normalized share of technology job postings greater than 10% for each CBSA zero to five years since the emergence 
of the technology. The second map replicates this picture for 6 to 10 years after emergence, and so forth. The sample for this map only 
contains technologies that appear in at least 100 earnings calls. 
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Diffusion is Slow
■ Define: 

 
 
 
 

■ If technologies fully diffuse 
 

■ Takes 85 years to CV = 0
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Panel A: Binned scatter plot(A)
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FIGURE VI 
Geographic Concentration of Technology Job Postings Across CBSAs, by Year 

Since Emergence 
Panel A shows a binned scatterplot at the technology bigram × year level of 

the coefficient of variation (CV) of the normalized share of technology job postings 
over time. We calculate the CV of the normalized share of technology job postings 
by dividing the standard deviation of Normalized Share c, τ , t across locations c in 
year t by its mean in year t for each technology bigram τ . Each dot represents the 
weighted average of the CV (calculated across technologies) for each year since 
emergence, where the weight is the square root of the number of job postings for 
a bigram in a year, capped at 100. The circle sizes are proportional to the same 
weight. The regression line in the plot corresponds to a regression of the CV on 
year since emergence, as in Table IV , Panel A, column (1). Year since emergence is 
capped at 30 years. Observations in and after the year of emergence are included. 
Panel B shows the average of the coefficient of variation separately for five age 
groups (3–10, 11–15, 16–20, 21–25, and 26–30 + ), also showing standard error 
bands for these estimates. We only include technology bigrams that appear in at 
least 100 earnings calls. 
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=
(share Tech Job)i

(share all job)i

CV(Norm. Share) = 0



Diffusion is Faster for Low-Skill Jobs

■ High-skill jobs: 
occupations with 60%+ 
are college-educated 

■ Low-skill jobs: 
30% or less are college-
educated
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Panel A: Geographic concentration 
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oncentration by use/research, develop and production

Coefficient Low): -0.010 (0.004)
Coefficient (High):  -0.018 (0.004)
Coefficient (Low– High): -0.008(0.004)

Coefficient (Use): -0.015 (0.004)
Coefficient (RDP):  -0.004 (0.003)
Coefficient (Use – RDP): -.011 (0.003)

(A)

(B)

FIGURE VII 
Geographic Concentration Relative to Year Since Emergence, by Skill and Type 

of Job Posting 
This figure plots a binned scatterplot at the technology-bigram × year × skill- 

category level of the log of the coefficient of variation (CV) of the normalized share 
of bigram job postings relative to the year since emergence, by skill level of job 
posting (high and low). The CV is calculated as the ratio of the standard deviation 
to the mean of the normalized share across CBSAs for eac h tec hnology-bigram ×
year × skill-category triplet. The red (pale gray) dots represent high-skill postings, 
and the blue (darker gray) dots represent low-skill postings. The fitted lines weigh 
observations by the square root of the total number of postings for a technology 
bigram in a year, capped at 100. 
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New Tech is Skill Biased but Gradually Broadens 
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FIGURE VIII 
Share of Technology Job Postings Requiring a College Education, by Year Since 

Emergence 
Panel A shows a binned scatterplot at the technology-bigram × year level of 

the share of technology postings requiring a college education by year since emer- 
gence. The share of college-educated postings for eac h tec hnology-bigram × year 
observation is measured as discussed in Section V . Each dot represents a weighted 
average over technology bigrams of the share for each year since emergence, 
where the weight is the square root of the number of postings for a bigram in 
a year, capped at 100. The circle sizes are proportional to the same weight. The 
regression line in the plot corresponds to a regression of the share of college- 
educated postings on the year since emergence as in Table VII , Panel A, column 
(1). Panel B estimates the average of the of the same dependent variable sep- 
arately for five groups (3–10, 11–15, 16–20, 21–25, and 26–30 + ), also showing 
standard error bands for these estimates. Year since emergence is capped at 30 
years. We only include technology bigrams that appear in at least 100 earnings 
calls. 
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Taking Stock

■ New technologies are born in highly skilled places  

■ New technologies diffuse very slowly 
• but diffuse relatively fast for low-skill jobs 

■ New technologies are initially skill-biased but broaden over time 

■ Suggestive mechanism: 
• Using, not just developing, the new technology requires skill 
• Tech. doesn’t diffuse immediately because many don’t have skills to use it 
• but diffuse slowly as the tech. becomes more standardized so that low-skill can use 

■ Likely to be an important mechanism to understand the cross-country differences in A

17



2. Misallocation Hypothesis 
— Hsieh and Klenow (2009)
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Misallocation Hypothesis

■ Perhaps China and the US have access to the same technology 

■ But resources are more misallocated in China than US 
… due to regulations, corruption, financial frictions, etc 

■ Firms with low productivity produce more, high productivity produce less 

■ Misallocation manifests as a lower TFP,  

• Lower output even with the same  and 

A

L K

19



Environment and Market Equilibrium
■ We now move away from one production function 

■ Suppose there are  firms in a country,  

■ Each firm  has access to the following technology 
 
 

■ For simplicity, we assume  is fixed 

■ Each firm takes wage  as given, decide , and sells the goods at price of 1 

■ The labor markets clear (labor demand = labor supply):

N i = 1,…, N

i

ki

w li

20

yi = Ãikα
i

⏟
≡ Ai

l1−α
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∑N
i=1 li = L



Equilibrium without Misallocation
■ Let us start with the case there is no misallocation 

■ All firms solve 
 

■ The first-order condition is 
 
 

■ This implies that the marginal product of labor is equalized across all firms

21

max
li

Ail1−α
i − wli

(1 − α)Ail−α
i

Marginal product of labor

= w

(1 − α)A1l−α
1 = (1 − α)A2l−α

2 = ⋯ = (1 − α)ANl−α
N



Why is there no misallocation?
■ Suppose a government (planner) forces firm 1 to hire more and firm 2 to hire less 

■ Can we increase total output? 

■ Firm 1’s output increases by 
 

■ Firm 2’s output decreases by 
 

■ Changes in total output:

22

dy1

dl1
= (1 − α)A1l−α

1

dy2

dl2
= (1 − α)A2l−α

2

dy1

dl1
−

dy2

dl2
= (1 − α)A1l−α

1 − (1 − α)A2l−α
2 = 0



Two Firms Example
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Firm 2’s labor
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Firm 2’s labor

Two Firms Example
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Firm 1’s MPL
Firm 2’s MPL

LFirm 1’s labor



Firm 2’s labor

Two Firms Example
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Firm 1’s MPL
Firm 2’s MPL

LFirm 1’s labor



Efficient Allocation
■ More generally, the efficient allocation of the economy is 

 
 
 

■ Lagrangian is 
 

■ Taking the first-order condition,  
 
 

 the marginal product of labor is equalized across all firms!⇒
26

max
l1,…,lN

N

∑
i=1

Ail1−α
i

s.t.
N

∑
i=1

li = L

ℒ =
N

∑
i=1

Ail1−α
i + λ [L −

N

∑
i=1

li]
(1 − α)A1l−α

1 = (1 − α)A2l−α
2 = ⋯ = (1 − α)ANl−α

N = λ



Firm’s Hiring Decisions
■ A well-functioning market allocates resources efficiently 

■ But maybe in reality, the market doesn’t work like this 

■ For example, suppose firms face differing tax rates  from their revenue 
• regulation/corruption/frictions might treat different firms differently 

■ All firms now solve 
 

■ First-order condition

(1 − τi)

27

max
li

(1 − τi)Ail1−α
i − wli

(1 − α)Ail−α
i

Marginal product of labor (MPL)

= w
1

1 − τi



Why is there “misallocation”?
■ Suppose a government (planner) forces firm 1 to hire more and firm 2 to hire less 

■ Can we increase total output? 

■ Changes in total output: 
 
 
 
 

■ The total output increases if firm 1’s MPL is higher than firm 2’s ( ) 

■ Firm 1 was hiring too little, while firm 2 was hiring too much 
• Reallocating labor from firm 2 to 1 improves allocative efficiency

τ1 > τ2
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dy1

dl1
−

dy2

dl2
= (1 − α)A1l−α

1

w/(1−τ1)

− (1 − α)A2l−α
2

w/(1−τ2)

≠ 0 if τ1 ≠ τ2



Dispersion in MPL  TFP Loss⇒
■ We can show that, to a second-order approximation around the efficient allocation, 

 
 
 
where 
 
 
 
 

■ Dispersion in the marginal product of labor, , lowers aggregate productivityMPLi
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Y ≈ ĀML1−α

Ā = (
N

∑
i=1

A1/α
i )

α

M = exp [−
1
2

1
α

Var(log MPLi)] ≤ 1



Measuring MPL

■ How do we measure marginal product of labor? 

■ With our functional form assumption, this is easy: 
 

■ Hsieh and Klenow (2009): 
• Use manufacturing plant-level data from the US, India, and China  
• They measure dispersions in  at the plant-level using  
• Quantify the TFP losses from misallocation 

MPLi MPLi = (1 − α)yi/li
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MPLi = (1 − α)
yi

li



Dispersions in MPL
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Fact 1: TFPR dispersion

U.S.
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India

1/8 1/4  1/2  1   2   4   8  
REVENUE TFP, TFPR
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20 / 57



Huge Misallocation, More So in China & India

■ More dispersions in MPL, and thereby misallocation, in China and India than the US 

■ Removing misallocation increases total output by 

•  100% in China 
•  120% in India 
•  40% in the US 

■ If China and India had the same level of misallocation as the US, 

• Manufacturing TFP goes up by  40% in China and by  50% in India 
• Close the manuf. TFP gap to the US by 50% for China and for 35% for India 

■ Misallocation accounts for 30-50% of the difference in TFP

≈
≈
≈

≈ ≈
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2. Misallocation Hypothesis: 
Is This the Number We Believe in? 

— Carrillo, Donaldson, Pomeranz & Singhal (2023)
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Do We Believe It?

■ We relied on the following equation: 
 

■ This relies on a very strong functional form assumption,  

■ Simple functional form assumptions are useful to obtain insights 
… but not something we seriously believe in 

■ Is there any way to test misallocation without relying on strong assumptions?

yi = Ail1−α
i

34

MPLi = (1 − α)
yi

li



Nonparametric Test of Misallocation

■ Carrillo, Donaldson, Pomeranz & Singhal (2023) develop such an approach 

■  If there is an exogenous demand shock to firms, and suppose we observe 

• changes in output in response to the shock,  
• changes in input in response to the shock,  

■ Consequently, we observe 
 
 

dyi
dli
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dyi

dli
= MPLi



Construction Sector in Ecuador

■ They implement this approach in the context of the construction sector in Ecuador 

■ Ecuador’s public procurement system allocates construction contracts by lottery 

■ Projects below a certain value allocated through lotteries among qualified suppliers 

■ This generates random demand shocks at the firm level (exactly what we want!)

36



Impact of Winning Lottery
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Figure 2: E↵ects on Total Sales
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Notes: This figure plots estimates of the monthly e↵ects of an additional $1,000 in procurement winnings
shocks on total (third-party reported) sales following equation (18). Total sales are based on monthly
purchase annexes reported by client entities’ VAT filings. Dashed lines indicate 95% confidence intervals
that allow for clustering at the firm level.

Figure 3: E↵ects on Total Sales by Contract Size
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Notes: This figure extends the analysis of Figure 2, estimating monthly e↵ects of an additional $1,000 in
procurement winnings shocks on total sales separately for lotteries with large vs. small contracts (below-
vs. above-median contract amount), following equation (18). Total sales are based on monthly purchase
annexes reported by clients entities’ VAT filings. Dashed lines indicate 95% confidence intervals that allow
for clustering at the firm level.

43

Figure 4: E↵ects on Employment

(a) Number of Employees
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(b) Total Wage Payments
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Notes: This figure plots estimates of the monthly e↵ects of an additional $1,000 in procurement winnings
shocks on employment following equation (18), using data from social security records. Panel (a) presents
e↵ects on the number of employees, and panel (b) on total wages paid. Dashed lines indicate 95% confidence
intervals that allow for clustering at the firm level.

Figure 5: E↵ects on Sales to Di↵erent Types of Clients
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Notes: This figure extends the analysis of Figure 2, estimating the monthly e↵ects of an additional $1,000
in procurement winnings shocks on sales to mutually-exclusive categories of clients, following equation (18).
These clients are: procuring entities with at least one lottery in our study period that the firm participated
in (in red); other procuring entities, i.e., other entities that made at least one purchase through the lottery
system in our study period (yellow); other public entities that made no purchases through the lottery system
(green); and private firms (brown). All sales measures are based on monthly purchase annexes reported by
client entities’ VAT filings. Dashed lines 95% confidence intervals that allow for clustering at the firm level.
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Heterogenous Responses by Firm Size
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Figure 6: E↵ects on Total Sales by Firm Size

(a) Above vs. Below Median
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(b) Quintiles

���

�

��

���

���

(I
IH
FW
��L
Q�
GR
OOD
UV
��S
HU

��
��
��
�R
I�O
RW
WH
U\
�F
RQ
WUD
FW
�

�� � � �� ��
0RQWKV�VLQFH�ORWWHU\

�VW�TXLQWLOH�� �WK�TXLQWLOH��
�QG�TXLQWLOH�� �WK�TXLQWLOH��
�UG�TXLQWLOH��

Notes: This figure extends the analysis of Figure 2, estimating the monthly e↵ects of an additional $1,000
in procurement winnings shocks on total sales by firm size, following equation (18). Total sales are based
on monthly purchase annexes reported by client entities’ VAT filings. Panel (a) presents estimates for firms
with above- and below-median total sales prior to the start of the lottery system (i.e., in 2008), based on
firms’ annual income tax filings. Panel (b) shows the same but partitioning the sample by quintiles of 2008
sales. Dashed lines in panel (a) indicate 95% confidence intervals that allow for clustering at the firm level.

Figure 7: E↵ects on Total Wage Payments by Firm Size

(a) Above vs. Below Median
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(b) Quintiles
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Notes: This figure extends the analysis of Figure 4 Panel (b), estimating the monthly e↵ects of an additional
$1,000 in procurement winnings shocks on total wage payments by firm size, following equation (18), using
data from social security records. Panel (a) presents estimates for firms with above- and below-median total
sales prior to the start of the lottery system (i.e., in 2008), based on firms’ annual income tax filings. Panel
(b) shows the same but partitioning the sample by quintiles of 2008 sales. Dashed lines in panel (a) indicate
95% confidence intervals that allow for clustering at the firm level.
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(a) Above vs. Below Median

���

�

��

���

���

(I
IH
FW
��L
Q�
GR
OOD
UV
��S
HU

��
��
��
�R
I�O
RW
WH
U\
�F
RQ
WUD
FW
�

�� � � �� ��
0RQWKV�VLQFH�ORWWHU\

%HORZ�PHGLDQ $ERYH�PHGLDQ��

(b) Quintiles

���

�

��

���

���

(I
IH
FW
��L
Q�
GR
OOD
UV
��S
HU

��
��
��
�R
I�O
RW
WH
U\
�F
RQ
WUD
FW
�

�� � � �� ��
0RQWKV�VLQFH�ORWWHU\

�VW�TXLQWLOH�� �WK�TXLQWLOH��
�QG�TXLQWLOH�� �WK�TXLQWLOH��
�UG�TXLQWLOH��

Notes: This figure extends the analysis of Figure 2, estimating the monthly e↵ects of an additional $1,000
in procurement winnings shocks on total sales by firm size, following equation (18). Total sales are based
on monthly purchase annexes reported by client entities’ VAT filings. Panel (a) presents estimates for firms
with above- and below-median total sales prior to the start of the lottery system (i.e., in 2008), based on
firms’ annual income tax filings. Panel (b) shows the same but partitioning the sample by quintiles of 2008
sales. Dashed lines in panel (a) indicate 95% confidence intervals that allow for clustering at the firm level.
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Notes: This figure extends the analysis of Figure 4 Panel (b), estimating the monthly e↵ects of an additional
$1,000 in procurement winnings shocks on total wage payments by firm size, following equation (18), using
data from social security records. Panel (a) presents estimates for firms with above- and below-median total
sales prior to the start of the lottery system (i.e., in 2008), based on firms’ annual income tax filings. Panel
(b) shows the same but partitioning the sample by quintiles of 2008 sales. Dashed lines in panel (a) indicate
95% confidence intervals that allow for clustering at the firm level.
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Negligible Cost of Misallocation

■ Very little heterogeneity in  or  

■ This suggests that very little differences in  across firms 

■ Full calculation implies that removing misallocation increases output by 1.6% 

■ Compare this number to 100-140% in Hsieh-Klenow (2009)!

dyi dli

MPLi = dyi/dli

39



3. Misallocation and Economic Growth 
— Hsieh, Hurst, Jones & Klenow (2019)
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Disappearing Discrimination?
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Example

■ Sandra Day O’Connor was the first woman to serve on the Supreme Court justice 

■ She graduated from Stanford Law School in 1952, ranked 3rd in her class 

■ The only job she could get in 1952 was as a legal secretary
42

Source: https://www.nytimes.com/2023/12/01/us/sandra-day-oconnor-dead.html

https://www.nytimes.com/2023/12/01/us/sandra-day-oconnor-dead.html


Model with Discrimination
■ Suppose there are  

•  occupations (lawyers, doctors, nurses, secretaries, etc) 
•  groups of people (white men, black men, white women, black women, etc) 

■ Firms in occupation  hiring group  workers produces 

■ Firms can hire a group  workers with wage  

■ However, firms face tax  when hiring group  workers 

• captures discrimination or barriers that a group  faces 

■ Firms in occupation  hiring group  workers solve

N
K

i k

k wk

(1 − τik) k

k

i k
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yik = Ail1−α
ik

max
lik

Ail1−α
ik (1 − τik) − wklik



Market Clearings

■ The labor market clears for each group: 
 
 

■ The total output in this economy is

44

N

∑
i=1

lik = Lk

Y =
K

∑
k=1

N

∑
i=1

Ail1−α
ik



Discrimination and MPL
■ The first-order conditions for each  are 

 

■ For each group ,  
 
 
 

■ Each group  workers is allocated across occupations to equalize  
… adjusted with discrimination term 

■ Higher  (more discrimination)  higher 

i, k

k

k MPL

τik ⇒ MPLik
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(1 − α)Ail−α
ik (1 − τik) = wk

(1 − α)A1l−α
1k

MPL1k

(1 − τ1k)

discrimination in occ. 1

= ⋯ = (1 − α)ANl−α
Nk

MPLNk

(1 − τNk)

discrimination in occ. N

= wk



Occupational Choice
■ Solving for  

 
 

■ If there were no discrimination, , for all : 
 
 

• The same share of black women and white men should choose to be lawyers 

■ If black women face more discrimination as lawyers than as janitors 
 black women more likely to choose janitors than lawyers

lik

τik = 0 i, k

⇒
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lik
Lk

=
[Ai(1 − τik)]1/α

∑N
j=1 [Aj(1 − τjk)]1/α

li1
L1

= ⋯ =
liK
LK

= ⋯ =
A1/α

i

∑N
j=1 A1/α

j

Share of group  workers 
choosing occupation i

k



Discrimination  Lower TFP⇒
■ Discrimination manifests as misallocation 

■ Like before 
 
 
 
 
 
 
 
 

■ Discrimination implies   Vari(log MPLik) > 0 ⇒ Mk < 1
47

Y ≈ ∑K
k=1 ĀMkL1−α

k

Mk = exp [−
1
2

1
α

Vari(log MPLik)]

Ā = (
N

∑
i=1

A1/α
i )

α



Quantifying Macro Consequence of Discrimination

■ Reductions in discrimination over the past 60 years have led to economic growth 

■ How do we quantify it? 

■ Assume that white men face no discrimination,  for all  and  

■ We also normalize  for all  (what matters is the dispersion in !) 

■ Then occupational choice reveals the discrimination: 
 
 
 

■ Choose  to match observed  and assume 

τik = 0 i k = WM

τ1k = 0 k τ1k

{Ai} liWM /LWM α = 1/3
48

lik /Lk

l1k /Lk

liWM /LWM

l1WM /LWM

= (1 − τik)
If white women are less likely to become 
lawyers compared to white men, we infer big 
discrimination for white women as a lawyer



Inferred  for White Womenτik
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FIGURE 3.—Variance of composite frictions and occupational preferences. Note: Figure shows the earn-
ings-weighted variance of lnτ (left panel) and ln z̃ (right panel).

Figure 3 shows the dispersion of lnτ (left panel) and ln z̃ (right panel) across all 67
occupations. For all three groups, the variance of lnτ fell by about 0.4 log points between
1960 and 2010. The right panel shows that the decline in the dispersion of ln z̃ is much
smaller than the decline in the dispersion of τ. For black men and white women, there
is essentially no change in the dispersion of occupational preferences relative to white
men so almost all of the occupational convergence is due to τ. So for black men and
white women, almost all of the convergence in occupational propensities is due to the
convergence in τ. For black women, the variance of relative ln z̃ fell, but the magnitude of
the decline is only 17% of the decline in the dispersion of lnτ. So even for black women,
most of the occupational convergence is due to τ convergence.

Figure 4 displays τ for white women for a subset of occupations. The composite friction
was high for women in 1960 working in construction, as lawyers, and as doctors relative
to working as teachers and secretaries. For white women lawyers and doctors, τ in 1960
was around 10. If τ reflected labor market discrimination only, the implication would be
that women lawyers in 1960 were paid only one-tenth of their marginal product relative to
their male counterparts. The model infers large τ’s for white women in these occupations
in 1960 because there were few white women doctors and lawyers in 1960, even after
controlling for the gap in wages. Conversely, a white woman in 1960 was 24 times more

FIGURE 4.—Occupational barriers (τig) for white women. Note: Author’s calculations based on equation
(7) using Census data and imposing θ= 2 and η= 0$103.



Declining Discrimination  Economic Growth⇒
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TABLE V
SHARE OF GROWTH DUE TO CHANGING FRICTIONS (ALL AGES)a

Share of growth accounted for by

τh and τw τh, τw , z̃ τh only τw only

Market GDP per person 41"5% 40"8% 36"0% 7"7%
Market earnings per person 38"4% 37"5% 18"9% 26"0%
Labor force participation 90"4% 112"7% 24"9% 56"2%
Market GDP per worker 24"0% 15"0% 40"0% −9"8%
Home + market GDP per person 32"7% 32"1% 30"6% 4"4%

aEntries in the table show the share of growth in the model attributable to changing frictions under various assumptions. The
variables are τh (human capital frictions), τw (labor market frictions), and z̃ (occupational preferences).

market. As seen in row 4 of the table, declining τ’s account for 24% of the increase in mar-
ket GDP per worker. Declining labor market frictions allowed women and black men to
better exploit their comparative advantage reducing misallocation in the economy. Given
that the occupations with the highest τ’s in 1960 were more likely to be high-skilled oc-
cupations, the declining τ’s resulted in women and black men accumulating more human
capital which also contributed to aggregate growth in market output per worker.

The final row of column 1 of Table V shows that the declining τ’s explain about one-
third of the growth in total GDP (inclusive of home sector output) during the last fifty
years. The reduction in labor market discrimination and barriers to human capital growth
drew more women into the market sector, which had a direct effect of raising market GDP
per person and simultaneously lowering home sector GDP per person. On net, however,
declining labor market frictions for women and black men substantially increased the sum
of market and home output per person.

Figure 7 shows the time series decomposition of growth in market GDP per person
coming from the changing τ’s. The top line in the figure shows growth in market GDP
per person implied by the model. The bottom line is the counterfactual growth in market
GDP if the τ’s were held fixed. Not surprisingly, the productivity effect of the τ’s has
grown over time. Additionally, our results suggest that productivity growth would have

FIGURE 7.—GDP per person, data and model counterfactual. Note: The graph shows the cumulative growth
in GDP per person (market), in the data (overall), and in the model with no changes in τ’s as in Table V.

Hold discrimination 
at 1960 levels

■ Around 20% of US economic growth comes from a reduction in discrimination



Takeaway

■ Economics often starts from an assumption that markets allocate resources efficiently 

■ In reality, various frictions prevent the efficient allocation of resources 
• Regulations, corruption 
• Market power, financial friction 
• Certain groups of people face barriers and discrimination 

■ Frictions may systematically vary across countries 
 potentially explain cross-country income differences 

■ Frictions may have been reduced in the past  
 potentially explain economic growth

⇒

⇒
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