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Lesson #1: 
misallocation matters

Lesson #2: 
costs of insecurity

Lesson #3: 
trade’s double dividend

One-of-a-kind resource for studying economies around the world -- unique 
coverage, unique questions, uniquely public access
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loss measures in Figure 5 for the case where  τ = 0  , i.e., assuming that all predation 
is destructive. There is a strong correlation between our two output loss measures 

Panel A. Output loss estimated assuming homogenous firms

Panel B. Output loss estimated assuming heterogenous firms
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Figure 5. E&timate* Output L,&& a-* State A.ti,-

Notes: Panel A shows the output loss,   ∆ c    , from equation (12) and panel B shows the output loss,   ∆ c    , from equa-
tion/(13). This is contrasted with the World Justice project index which measures the effectiveness of the criminal 
justice system on a scale between 0 and 1.

Figure 9: Allocative E!ciency across Countries within Manufacturing and Services

(a) Manufacturing (b) Services

Notes: Allocative e!ciency is the ratio of aggregate actual relative to e!cient output which reflects aggregate

productivity di”erences since aggregate factors are the same in actual and e!cient calculations. Aggregate

labor productivity in logs for the year 2023 from the Penn World Table v11.0 (Feenstra et al., 2015).

with many studies of misallocation focusing on small subsets of countries. Second, generally,

allocative e!ciency is somewhat smaller in the services sector than in the manufacturing

sector. While this result is to be expected given that the services sector involves non-tradable

and heavily regulated activities, only a few studies report misallocation for manufacturing

and services consistent with this fact (Dias et al., 2020).

Focusing on the United States and Vietnam where allocative e!ciency is 0.42 and 0.20 in

the manufacturing sector. The value of allocative e!ciency in the United States is somewhat

lower than the one reported in Hsieh and Klenow (2009) (around 0.70), whereas the value

for Vietnam is consistent with that reported in Ayerst et al. (2024) for Vietnam using Orbis

data and Nguyen (2024) using even more comprehensive data from all registered firms in the

Vietnam Annual Enterprise Survey. On possible explanation for the di”erences is of course

the restricted sample of establishments in WBES data, an issue that I return to in the next

section. Also, allocative e!ciency is a measure of the cost of misallocation that is susceptible

to potential mismeasurement (Ayerst et al., 2024) and it is quite possible that given the

cross-section nature of WBES data and the small sample sizes, measurement error may be
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Second, the contribution from educational attainment is larger, but still modest.

For example, countries like India and Malawi only see their incomes reduced by a factor

of 2 due to educational attainment. Loosely speaking, the poorest countries of the world

have 4 or 5 years of education, while the richest have 13. Eight years of education with a

Mincerian return of around 10% leads to a 0.8 difference in logs, and exp(0.8) ! 2.

Finally, the implication of these first two points is that differences in TFP are the

largest contributor to income differences in an accounting sense. Fig. 29 shows the levels

of TFP plotted against GDP per worker for 128 countries in 2010. The two series are

highly correlated at 0.96. And the differences in TFP are very large: the Central African

Republic is about 64 times poorer than the United States and its TFP is about 32 times

lower than the US level.

The large contribution from TFP is verified by the last column of Table 6, where the

share explained by TFP ranges from just under 50% for Singapore andHong Kong to more

than 90% forMalawi. To understand the “Share due to TFP” column, consider the last row

of Table 6. According to that row, the average country in the 128-country sample is just

over 5 times poorer than the United States. Essentially none of this difference (a factor of

1.021) is due to differences inK/Y, while a factor of 1.42 is due to differences in educational

attainment. Taken together, this means a factor of 1.021 " 1.42 ! 1.5 is due to inputs,

leaving a factor of about 3.5 attributed to TFP. We then compute the “Share due to

TFP” as 3.5/(1.5 + 3.5) ! 70%, as shown in the last entry in Table 6.ad The rest of

the shares are computed in an analogous way. For example, for Malawi, about a factor
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Fig. 29 Total factor productivity, 2010. Source: Computed using the Penn World Tables 8.0 assuming a
common value of a ¼ 1/3.

ad Or more exactly as 3.26/(3.26 + 1.021 * 1.418) ! 69.2%.

45The Facts of Economic Growth

Aggregate productivity 
(aka “TFP”) measures a 
nation’s ability to 
produce output per unit 
of resource inputs 
(human and physical 
capital)
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But where does aggregate 
TFP come from?

One ingredient: allocative 
efficiency (how efficiently a 
country uses the firms it has)

Full efficiency requires lack of 
dispersion in marginal 
efficiencies across firms

Restuccia (2025) uses WBES 
firm-level data to measure 
this dispersion
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Figure 7: Cross-Country Measures of Distortions

(a) Dispersion of distortions (b) Elasticity of distortions

Notes: Dispersion in distortions is measured by the standard deviation of log wedge across firms in each

country. Each observation is the estimated value for the indicated country. Elasticity of distortions measured

by the slope coe!cient of a regression between log wedge and log TFP in each country. Aggregate labor

productivity in logs for the year 2023 from the Penn World Table v11.0 (Feenstra et al., 2015).

(b), the elasticity of firm wedge with respect to firm productivity. Consistent with previous

findings for some countries in the literature, Figure 7(a) shows that lower income countries

tend to have more dispersed wedges, whereas Figure 7(b) show that wedges are more highly

correlated in developing countries.

Recall that distortions are inferred from the relationship between employment and pro-

ductivity and hence reflect deviations of marginal products of labor across firms. Figure 8(a)

reports more directly the relationship between firm-level employment and firm productivity

in the cross-country data. Developing countries have a much lower elasticity of firm em-

ployment to firm productivity, much like the stylized misallocation case discussed earlier.

Figure 8(b) reports the dispersion in employment across countries, showing that the employ-

ment gap across firms is slightly smaller in developing countries than in advanced countries.

Since systematic distortions mean that employment is moved from more productive to less

productive firms, on this factor alone we would expect that the employment distribution is

more compressed in developing countries. But between the random component of distortions

which may be larger in developing countries and the fact that productivity is more dispersed

17
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Lower-income countries appear to have more 
measured dispersion (i.e. greater misallocation of 
resources) 

Restuccia (2025)



How strong is the allocative 
efficiency ingredient in TFP 
differences around the world?

Restuccia (2025) uses WBES 
data to measure this too -- 
drawing on methods in 
Restuccia and Rogerson (2008) 
and Hsieh and Klenow (2009)

Real GDP per capita (log scale)
Al

lo
ca

tiv
e 

ef
fic

ie
nc

y 
(=

1 
if 

pe
rfe

ct
 e

ffi
ci

en
cy

)

Figure 9: Allocative E!ciency across Countries within Manufacturing and Services

(a) Manufacturing (b) Services

Notes: Allocative e!ciency is the ratio of aggregate actual relative to e!cient output which reflects aggregate

productivity di”erences since aggregate factors are the same in actual and e!cient calculations. Aggregate

labor productivity in logs for the year 2023 from the Penn World Table v11.0 (Feenstra et al., 2015).

with many studies of misallocation focusing on small subsets of countries. Second, generally,

allocative e!ciency is somewhat smaller in the services sector than in the manufacturing

sector. While this result is to be expected given that the services sector involves non-tradable

and heavily regulated activities, only a few studies report misallocation for manufacturing

and services consistent with this fact (Dias et al., 2020).

Focusing on the United States and Vietnam where allocative e!ciency is 0.42 and 0.20 in

the manufacturing sector. The value of allocative e!ciency in the United States is somewhat

lower than the one reported in Hsieh and Klenow (2009) (around 0.70), whereas the value

for Vietnam is consistent with that reported in Ayerst et al. (2024) for Vietnam using Orbis

data and Nguyen (2024) using even more comprehensive data from all registered firms in the

Vietnam Annual Enterprise Survey. On possible explanation for the di”erences is of course

the restricted sample of establishments in WBES data, an issue that I return to in the next

section. Also, allocative e!ciency is a measure of the cost of misallocation that is susceptible

to potential mismeasurement (Ayerst et al., 2024) and it is quite possible that given the

cross-section nature of WBES data and the small sample sizes, measurement error may be

20
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About 25% of cross-country TFP differences can be 
accounted for by allocative efficiency differences 
based on these measurements

Restuccia (2025)



Lesson #2: 
costs of insecurity

VOL. 10 NO. 2 203BESLEY AND MUELLER: PREDATION, PROTECTION, AND PRODUCTIVITY

loss measures in Figure 5 for the case where  τ = 0  , i.e., assuming that all predation 
is destructive. There is a strong correlation between our two output loss measures 

Panel A. Output loss estimated assuming homogenous firms

Panel B. Output loss estimated assuming heterogenous firms
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Figure 5. E&timate* Output L,&& a-* State A.ti,-

Notes: Panel A shows the output loss,   ∆ c    , from equation (12) and panel B shows the output loss,   ∆ c    , from equa-
tion/(13). This is contrasted with the World Justice project index which measures the effectiveness of the criminal 
justice system on a scale between 0 and 1.
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associated with high efforts at protection. There are two quite striking outliers in 
the data: Cambodia is an outlier in terms of spending on protection and the Central 
African Republic is an outlier in terms of predation.

For our analysis, we use the number of workers, losses, spending on protection 
and our model to make statements on !rm productivity. In other words, we do not 
rely on value-added calculations in the data. Data on sales and costs contain large 
errors so that dropping outliers becomes a crucial issue. Our model allows us to use 
some of the three most commonly reported parts of the data. This should minimize 
errors at the cost of additional assumptions regarding the production function and 
the absence of distortions in the labor market of the economy. We return to these 
issues in Section V and discuss value added measures in online Appendix C.
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Notes: The !gure shows simple mean values for the responses to two survey questions. We !rst calculate the 
weighted mean for every country/year using the survey weights. This is close to what the World Bank reports. The 
!gure displays the mean value for each country across years.

T,23& 1—Su44,r* St,ti-ti0- on t5& Fir4 L&v&3

Observations Mean SD Min Max

Share of total annual sales paid for security 155,915 0.017 0.048 0 0.99
Loss due to theft, robbery, vandalism, or arson 
 as a share of total annual sale

155,915 0.008 0.040 0 0.99

Firm size (number of workers) 155,915 119.9 678.2 1 65,994
Firm reports paying for security 155,915 0.62 0.49 0 1
Firm reports a loss due to predation 155,915 0.20 0.40 0 1
Number of !rms interviewed in country/year 155,915 2,411 2,125 59 9,183
Firm reports crime as worst obstacle 108,665 0.04 0.19 0 1

Notes: The table shows summary statistics for our main variables. The response to “share of total annual sales paid 
for security” is our measure of spending on security. The response to “loss due to theft, robbery, vandalism, or arson 
as a share of total annual sale” is our main measure of predation.What economic forces might 

underpin the misallocation seen 
in Restuccia (2025)?

Besley and Mueller (2018) 
explore one source: predation 
and protection

Draw on unique survey questions 
in WBES asking about firm’s 
business environment
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What economic forces might 
underpin the misallocation seen 
in Restuccia (2025)?

Besley and Mueller (2018) 
explore one source: predation 
and protection

Draw on unique survey questions 
in WBES asking about firm’s 
business environment

Firms in many countries report widespread 
predation (despite also investing in protection)
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associated with high efforts at protection. There are two quite striking outliers in 
the data: Cambodia is an outlier in terms of spending on protection and the Central 
African Republic is an outlier in terms of predation.

For our analysis, we use the number of workers, losses, spending on protection 
and our model to make statements on !rm productivity. In other words, we do not 
rely on value-added calculations in the data. Data on sales and costs contain large 
errors so that dropping outliers becomes a crucial issue. Our model allows us to use 
some of the three most commonly reported parts of the data. This should minimize 
errors at the cost of additional assumptions regarding the production function and 
the absence of distortions in the labor market of the economy. We return to these 
issues in Section V and discuss value added measures in online Appendix C.
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Notes: The !gure shows simple mean values for the responses to two survey questions. We !rst calculate the 
weighted mean for every country/year using the survey weights. This is close to what the World Bank reports. The 
!gure displays the mean value for each country across years.

T,23& 1—Su44,r* St,ti-ti0- on t5& Fir4 L&v&3

Observations Mean SD Min Max

Share of total annual sales paid for security 155,915 0.017 0.048 0 0.99
Loss due to theft, robbery, vandalism, or arson 
 as a share of total annual sale

155,915 0.008 0.040 0 0.99

Firm size (number of workers) 155,915 119.9 678.2 1 65,994
Firm reports paying for security 155,915 0.62 0.49 0 1
Firm reports a loss due to predation 155,915 0.20 0.40 0 1
Number of !rms interviewed in country/year 155,915 2,411 2,125 59 9,183
Firm reports crime as worst obstacle 108,665 0.04 0.19 0 1

Notes: The table shows summary statistics for our main variables. The response to “share of total annual sales paid 
for security” is our measure of spending on security. The response to “loss due to theft, robbery, vandalism, or arson 
as a share of total annual sale” is our main measure of predation.
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Besley and Mueller (2018) use 
calibrated model and WBES 
firm-level data to quantify how 
much aggregate TFP is reduced 
by presence of predation
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loss measures in Figure 5 for the case where  τ = 0  , i.e., assuming that all predation 
is destructive. There is a strong correlation between our two output loss measures 

Panel A. Output loss estimated assuming homogenous firms

Panel B. Output loss estimated assuming heterogenous firms

Afghanistan
Albania

Argentina

Bangladesh
Belarus

Bolivia
Bosnia and Herzegovina

Botswana

Brazil

Bulgaria

Burkina Faso

Cambodia

Cameroon

Chile
China

Colombia

Cote d'Ivoire

Croatia

Czech Republic

Dominican Republic

Ecuador

Egypt

El Salvador

Estonia
Ethiopia

Georgia

GermanyGhanaGreece

Guatemala

Hungary

India

Indonesia

Jamaica

Jordan

Kazakhstan

Kenya
Kyrgyz Republic

Lebanon

Liberia

MacedoniaMadagascar

Malawi

MalaysiaMexico Moldova

Mongolia

Morocco
Myanmar

Nepal

Nicaragua
Nigeria

Pakistan
Panama

Peru

Philippines

Poland

Portugal

South Korea

Romania
Russia

Senegal
Serbia

Sierra Leone

Slovenia

South Africa

Spain

Sri Lanka

Sweden

Tanzania

Thailand

TunisiaTurkey

Uganda

Ukraine

Uruguay

Uzbekistan

Venezuela

Vietnam

Zambia

Zimbabwe

0

2

4

6

8

E
st

im
at

ed
 o

ut
pu

t l
os

s,
 in

 p
er

ce
nt

0.2 0.4 0.6 0.8
Criminal justice

Afghanistan

Albania
Argentina

Bangladesh
Belarus

Bolivia
Bosnia and Herzegovina

Botswana

Brazil

Bulgaria

Burkina FasoCambodia
Cameroon

Chile
China

Colombia

Cote d'Ivoire

Croatia

Czech Republic

Dominican Republic
Ecuador

Egypt

El Salvador

Estonia

Ethiopia
Georgia

Germany

Ghana

Greece

Guatemala

Hungary

India

Indonesia
Jamaica

Jordan

Kazakhstan

Kenya
Kyrgyz Republic

Lebanon

Liberia

MacedoniaMadagascar

Malawi

Malaysia

Mexico

Moldova
Mongolia

Morocco
Myanmar

Nepal

Nicaragua

Nigeria

Pakistan
Panama

PeruPhilippines

Poland

Portugal

South Korea

Romania
Russia Senegal

Serbia

Sierra Leone

Slovenia

South Africa

Spain

Sri Lanka

Sweden

Tanzania

Thailand
Tunisia

Turkey

Uganda

Ukraine

UruguayUzbekistan

Venezuela

Vietnam

Zambia

Zimbabwe

0

2

4

6

8

10

E
st

im
at

ed
 o

ut
pu

t l
os

s,
 in

 p
er

ce
nt

0.2 0.4 0.6 0.8
Criminal justice

Figure 5. E&timate* Output L,&& a-* State A.ti,-

Notes: Panel A shows the output loss,   ∆ c    , from equation (12) and panel B shows the output loss,   ∆ c    , from equa-
tion/(13). This is contrasted with the World Justice project index which measures the effectiveness of the criminal 
justice system on a scale between 0 and 1.
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Besley and Mueller (2018) use 
calibrated model and WBES 
firm-level data to quantify how 
much aggregate TFP is reduced 
by presence of predation
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loss measures in Figure 5 for the case where  τ = 0  , i.e., assuming that all predation 
is destructive. There is a strong correlation between our two output loss measures 

Panel A. Output loss estimated assuming homogenous firms

Panel B. Output loss estimated assuming heterogenous firms
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Figure 5. E&timate* Output L,&& a-* State A.ti,-

Notes: Panel A shows the output loss,   ∆ c    , from equation (12) and panel B shows the output loss,   ∆ c    , from equa-
tion/(13). This is contrasted with the World Justice project index which measures the effectiveness of the criminal 
justice system on a scale between 0 and 1.
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Many countries estimated to have 2-5% lost TFP 
due to predation 

Besley and Mueller (2018)





Distorted economies don’t just 
have lower TFP – they can 
also respond differently to a 
given external shock if high 
marginal efficiency firms 
expand (relatively more) due 
to shock

Atkin and Donaldson (2023) 
embed WBES firm-level data 
inside a global trade model

Then simulate a trade shock 
(improvement in port 
facilities) in each country
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Lower-income countries see extra benefits from 
same trade shock because high marginal 
efficiency firms grow relatively more

Atkin and Donaldson (2023)



Where next for WBES-enabled research?

Beyond allocative efficiency, other key contributor to TFP is technological 
change (innovation, adaptation, adoption) – but massive data gaps

Next wave of WBES data will unlock this data challenge around the world

Lesson #1: 
misallocation matters

Lesson #2: 
costs of insecurity

Lesson #3: 
trade’s double dividend
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loss measures in Figure 5 for the case where  τ = 0  , i.e., assuming that all predation 
is destructive. There is a strong correlation between our two output loss measures 

Panel A. Output loss estimated assuming homogenous firms

Panel B. Output loss estimated assuming heterogenous firms
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Figure 5. E&timate* Output L,&& a-* State A.ti,-

Notes: Panel A shows the output loss,   ∆ c    , from equation (12) and panel B shows the output loss,   ∆ c    , from equa-
tion/(13). This is contrasted with the World Justice project index which measures the effectiveness of the criminal 
justice system on a scale between 0 and 1.

Figure 9: Allocative E!ciency across Countries within Manufacturing and Services

(a) Manufacturing (b) Services

Notes: Allocative e!ciency is the ratio of aggregate actual relative to e!cient output which reflects aggregate

productivity di”erences since aggregate factors are the same in actual and e!cient calculations. Aggregate

labor productivity in logs for the year 2023 from the Penn World Table v11.0 (Feenstra et al., 2015).

with many studies of misallocation focusing on small subsets of countries. Second, generally,

allocative e!ciency is somewhat smaller in the services sector than in the manufacturing

sector. While this result is to be expected given that the services sector involves non-tradable

and heavily regulated activities, only a few studies report misallocation for manufacturing

and services consistent with this fact (Dias et al., 2020).

Focusing on the United States and Vietnam where allocative e!ciency is 0.42 and 0.20 in

the manufacturing sector. The value of allocative e!ciency in the United States is somewhat

lower than the one reported in Hsieh and Klenow (2009) (around 0.70), whereas the value

for Vietnam is consistent with that reported in Ayerst et al. (2024) for Vietnam using Orbis

data and Nguyen (2024) using even more comprehensive data from all registered firms in the

Vietnam Annual Enterprise Survey. On possible explanation for the di”erences is of course

the restricted sample of establishments in WBES data, an issue that I return to in the next

section. Also, allocative e!ciency is a measure of the cost of misallocation that is susceptible

to potential mismeasurement (Ayerst et al., 2024) and it is quite possible that given the

cross-section nature of WBES data and the small sample sizes, measurement error may be

20

Lower-income countries 
estimated to enjoy extra 

gains from trade

Insecurity estimated 
to reduce TFP by 2-5%

25% of TFP gaps 
estimated to be due to 

misallocation 
differences


