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ABSTRACT
Productivity plays a central role in shaping the welfare of societies and the competitiveness
of countries. Productivity differences, for instance, explain a large share of the differences in
income per capita across countries. This article investigates the role of productivity
heterogeneity across 18 countries over the period 2001-2012. In particular, it analyses the
evidence that emerges from the distributed micro-data approach carried out in the OECD
MultiProd project. The main outcome of the project is a unique dataset of harmonized crosscountry moments that are representative for the population of firms and comparable across
countries even at a detailed industry level. We look at the 90-10 percentile ratio of labour
productivity and multifactor productivity and show that: i) productivity dispersion is high in
both manufacturing and non-financial market services; ii) it has increased over time,
especially in services; iii) a substantial part of this dispersion comes from differences among
firms within the same sector of activity in each country; iv) this within-sector dispersion
remains the most important component of the overall dispersion for the entire period.
One of the main objectives of economic

Jones (1999), for example, find that in the

research is to understand why some nations are

United States output per worker, a measure of

more developed than others. A simple measure

labour productivity (LP, henceforth), is 35 times

of economic development, output per capita,

greater than in Niger. LP differences can be par-

illustrates the large disparity found across coun-

tially explained by differences in physical and

tries. These disparities largely reflect different

human capital (Caselli, 1999). However, the

levels of productivity across countries. Hall and

main reason for the disparity between these two
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countries comes from differences in aggregate

productivity can be explained by either too few

multifactor productivity (MFP, henceforth),

firms at the top (lack of innovation), or too many

which reflects the overall efficiency with which

firms at the bottom (weak market selection), two

inputs are combined in the production process.

different situations that would entail very differ-

More generally, Prescott (1998) suggests that

ent policies. 3 To better design policy strategies,

differences in aggregate MFP are the main

it is therefore essential to understand how firm-

driver of international income differences found

level productivity patterns translate into aggre-

both across countries and over time. This point

gate productivity.

is further illustrated by Klenow and Rodiguez-

Economists typically attribute differences in

Clare (1997), who conduct a cross-country anal-

MFP across firms to either slow technology

ysis of 98 nations and suggest that 90 per cent of

adoption or inefficient technology usage. 4 In

the country divergence in growth of output per

addition, a growing body of literature attributes

worker correspond to disparity in MFP growth.2

high aggregate MFP not only to the efficiency of

In turn, aggregate productivity growth

technology use and speed of adoption but also to

depends closely on MFP at the firm level. If

the efficient allocation of resources across firms.

firms increase the efficiency with which they

Resource reallocation can raise aggregate pro-

turn inputs into outputs, they can contribute to

ductivity when there is a flow of inputs from

overall efficiency gains. However, empirical evi-

low- to high-productivity firms. Conversely,

dence finds substantial heterogeneity in MFP

when factors are allocated in an inefficient man-

across firms, even within narrowly defined

ner, aggregate productivity is adversely affected.

industries. In the US manufacturing sector, the

These important issues have been investigated

MFP ratio between an industry's 90th and 10th

by two intrinsically interrelated branches of the

percentile plants is on average 1.92, implying

literature. The reallocation literature typically

that plants in the 90th percentile roughly make

focuses on the drivers of resource reallocation,

twice the amount with the same inputs as those

such as creative destruction, and upscaling and

plants in the 10th percentile (Syverson, 2004).

downscaling of firms, together with the factors

Such dispersion is not only found in developed

that may influence them, such as technological

countries but also in developing ones. For

change, regulation and recessions. The misallo-

instance, Hsieh and Klenow (2009) find that the

cation literature typically identifies a specific

ratio of MFP between 90th and 10th percentiles

distortion or a bundle of distortions (policies

in the manufacturing industries of China and

and/or institutions) and examines the extent to

India is on average more than 5:1.

which they adversely impact aggregate produc-

In light of the large dispersion of firms' MFP,

tivity. The results obtained in the misallocation

analysing industry average productivity does not

literature show that distortions in the economy

offer the complete picture: countries might dis-

can have a quantitatively important effect on

play the same average but very different under-

aggregate productivity.5

lying distributions. This fact has important

The OECD contributes to this debate by pro-

policy implications. For instance, low average

viding new policy relevant evidence through the

2

See Hsieh and Klenow (2010) and Hopenhayn (2014) for a more recent review of the literature.

3

On this topic see, for example, Malerba and Orsenigo (1995 and 1996), Breschi et al. (2000) and Van Dijk
(2000).

4
5
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multifactor productivity (MultiProd) project.

lation of firms. We use these weights to reweight

This project provides a comprehensive picture

production surveys.

of productivity patterns across a large set of
countries over the last two

decades.6

Many studies based on micro-level datasets

In particu-

adopt a resampling procedure in order to

lar, the project collects micro-aggregated data

achieve a representative dataset (to name a few,

and moments of the productivity distribution

for example, Schwellnus and Arnold, 2008, and

that allow for a cross-country analysis of a wide

Arnold et al., 2008). However, MultiProd is to

variety of topics, including productivity hetero-

our knowledge the first project based on a dis-

geneity, allocative efficiency, misallocation,

tributed microdata approach to have imple-

aggregate productivity growth, and the link

mented a highly disaggregated, variable-

between productivity and wages. A similar

specific, reweighting strategy for both represen-

approach has been used in the past in academic

tativeness and aggregation. This reweighting

circles (see, for example, Bartelsman, Scarpetta,

strategy allows us to compute moments repre-

and Schivardi, 2005; Bartelsman, Haltiwanger,

sentative for the population of businesses and

and Scarpetta, 2009), as well as within the

suitable for cross-country comparison even at

OECD (OECD, 2003), the World Bank and,

the two-digit industry or at a more disaggre-

more recently, the European Central Bank.

gated level.

One of the main contributions of the Multi-

The output of the algorithm is a collection of

Prod project is to build cross-country harmo-

statistics at different levels of aggregation over

nized micro-aggregated data of paramount

the 1994-2012 period, depending on data avail-

importance for understanding differences in

ability. It allows for various decompositions of

productivity performance across countries. The

aggregate productivity level, growth and disper-

project relies on a distributed microdata meth-

sion to understand the role of particular indus-

odology, and the micro-aggregated results (at

tries or groups of firms in explaining aggregate

the cell level) are collected, checked and analy-

outcomes (e.g. small vs large; multinational cor-

sed at the OECD.7

porations; old vs young; low vs high productiv-

An important aspect of the methodology is to

ity; etc.). For instance, changes in the overall

make sure the data are comparable across coun-

productivity dispersion are decomposed to

tries. Therefore, productivity is measured in

quantify how much of an increase in dispersion

exactly the same way across countries, condi-

is due to an increase in within-industry disper-

tional on the available data. To further ensure

sion and how much comes from a reallocation of

harmonization and representativeness, in partic-

resources to industries characterized by a higher

ular for countries where MultiProd relies on

dispersion. Moreover, the role of the largest

production surveys, an appropriate set of

firms can be investigated in great detail and

weights is built using information from business

compared to that of the most productive firms

registers, which typically cover the whole popu-

("frontier firms"). Finally, MultiProd attempts
to shed light on the nature of wage inequality

6

The time period is to some extent country specific depending on data availability and is limited to more
recent years for some countries. For more details on MultiProd, see Berlingieri et al., (2017a).

7

The OECD pioneered this methodology at the beginning of the 2000s (OECD, 2003). It currently follows
the distributed microdata approach in three ongoing projects: MultiProd (Multifactor Productivity),
DynEmp (Dynamics of Employment) and MicroBeRD (Microdata-based Analysis of Business Expenditure on
R&D). See further details in Section 2.
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across countries, as well as on the effects of var-

Data and Methodology

ious policies (e.g. employee protection legislation, minimum wage, coordination in wage

The distributed microdata approach

setting) on the dispersion of wages and produc-

In recent years, the policy and research com-

tivity.

munities' interest in harmonized cross-country

This article focuses on one specific pillar of

microdata has increased significantly. This has

the MultiProd project: productivity heterogene-

been partly driven by improvements in comput-

ity. It describes the main methodological tools

ing power but, fundamentally, it reflects the rec-

used to carry out the analysis on productivity

ognition that microdata are instrumental for

heterogeneity, and the specific contributions of

understanding the growing complexity in the

the MultiProd project. After a description of the

way economies work and the heterogeneity in

distributed microdata approach and of the Mul-

economic outcomes.

tiProd dataset, we present some evidence on

While considerable progress has been made in

productivity heterogeneity looking at the 90-10

providing researchers with secure access to offi-

percentile ratio of LP and MFP. We show a two-

cial micro-data on firms at the level of a country,

fold result: i) dispersion is high in both manufac-

significant obstacles remain in terms of transna-

turing and non-financial market services; ii) it

tional access. The challenges of transnational

has increased over time, especially in services.

access are many, starting from locating and doc-

Furthermore, we decompose the aggregate dis-

umenting information on available sources and

persion of productivity into within-industry and

their content (i.e. coverage, variables, classifica-

between-industry components: the within-

tions, etc.) and on accreditation procedures (i.e.

industry dispersion accounts for most of the

eligibility, rules, costs and timing). There are

total dispersion in both manufacturing and non-

language barriers, as translated versions of

financial market services. With a share of more

information on data and accreditation proce-

than 80 per cent in almost all years, the within

dures seldom exist or are incomplete. In addi-

sector variance of productivity is the most

tion, completing country-specific application

important component for the entire period.

forms for accreditation procedures is often

However, the pattern over time displays a con-

demanding and different procedures exist for

stant or increasing trend until 2008, when it is

data held by different agencies even within the

reversed into a slight decline during the Great

same country. Finally, data access systems differ

Recession.

across countries, implying that while remote

The rest of the article is organized as follow:

access or execution could be possible in some

the next section provides an overview of the data

countries, in others it is only possible to access

and methodology used, and the subsequent dis-

on site, requiring researchers to travel to the

cusses the MultiProd dataset. Section “Produc-

location in question. These are just some of the

tivity Heterogeneity” looks at the evolution of

challenges related to accessing data, before

productivity dispersion across sectors and over

researchers can even begin confronting differ-

time, as well as at the decomposition of the pro-

ences in the content and structure of micro-data

ductivity dispersion across sectors. The last sec-

themselves, and the time and human capital

tion concludes.

investment required to become acquainted with
the "nitty gritty" of each database.
As a result, multi-country studies requiring
the exploitation of micro-data are very difficult

100

NUMBER 32, SPRING 2017

Figure 1: Distributed Micro-data Analysis

to conduct, and often rely on the formation and

ated by the centrally designed, but locally exe-

co-ordination of networks of national research-

cuted, program codes, which are then sent for

ers, with each team having access to their

comparative cross-country analysis to the

respective national micro-data. The compara-

OECD. Figure 1 summarizes how the distrib-

bility of the country level results needs therefore

uted micro-data approach works.

to be insured via the use of a common protocol

The advantages of this novel data collection

for data collection and aggregation and a com-

methodology are manifold: it puts a lower bur-

mon model specification for the econometric

den on national statistical agencies and limits

analysis.

running costs for such endeavours. Importantly,

The OECD pioneered this methodology,

it also overcomes the confidentiality constraints

called distributed microdata analysis, at the

of directly using national micro-level statistical

beginning of the 2000s (OECD, 2003). It cur-

databases while at the same time achieving a

rently follows this approach in three ongoing

high degree of harmonization and comparability

projects: MultiProd, DynEmp, and MicroB-

across countries, sectors and over time.

eRD. 8 The distributed micro-data analysis

In spite of these advantages, this procedure is

involves running a common code in a decentral-

still not widely applied today when collecting

ized manner by representatives in national sta-

statistical information. This may have to do with

tistical agencies or experts in public institutions,

the amount of time needed to set up and manage

who have access to the national micro-level data.

the network as well as to develop a well-func-

At this stage, micro-aggregated data are gener-

tioning, "error-free" program code which is able

8

MultiProd, DynEmp, and MicroBeRD are projects carried out by the Directorate for Science, Technology and
Innovation (STI) at the OECD. The DynEmp project provides harmonized microaggregated data to analyse
employment dynamics (www.oecd.org/sti/dynemp) and MicroBERD provides information on R&D activity in
firms from official business R&D surveys (www.oecd.org/sti/rdtax).
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to both accommodate potential differences

The MultiProd Dataset

across national micro-level databases and minimize the burden on the researchers who have

Variables and country coverage

access to the data and run the code.

The MultiProd program relies on two main

The MultiProd project is based on a distrib-

data sources in each country. First, administra-

uted data collection exercise aimed at creating a

tive data or production surveys (PS), which con-

harmonized cross-country micro-aggregated

tain all the variables needed for the analysis of

database on productivity patterns from confi-

productivity but may be limited to a sample of

dential micro-level sources. In particular, the

firms. Second, a business register (BR), which

goal of the project is to investigate the extent to

contains a more limited set of variables but cov-

which different policy frameworks can shape

ers the entire population of firms. The program

firm productivity, and the way resources are

works also in the absence of a business register

allocated to more productive firms (i.e. alloca-

and this is indeed not needed when administra-

tive efficiency). Such analysis will be a key input

tive data on the full population of firms are avail-

for policy makers as firm-level productivity and

able. However, when data come from a PS, the

efficient reallocation are the key engines of

representativeness of the results are substan-

future growth.

tially improved and, thus, their comparability
across countries.
Census and administrative data, indeed, normally cover the whole population of businesses
with at least one employee. Still, these datasets
do not always exist and PS data need to be used.

Table 1: Temporal Coverage of the MultiProd Database, by Country
YEAR
2012

2011

2010

2009

2008

2007

2006

2005

2004

2003

2002

2001

2000

1999

1998

1997

1996

1995

1994

COUNTRY
AUS
AUT
BEL
CAN
CHL
DNK
FIN
FRA
HUN
IDN
ITA
JPN
LUX
NLD
NOR
NZL
PRT
SWE

Source: MultiProd dataset, March 2017.
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One of the big challenges of working with firm-

nal, country-industry specific labour and inter-

level production surveys is that the selected sam-

mediate shares; a Solow-residual based MFP

ple of firms might yield a partial and biased pic-

using external, industry specific labour and

ture of the economy. Whenever available, BRs,

intermediate shares (the cross-country-year

which typically contain the whole population of

median); a Superlative index based MFP using

firms, are therefore used in MultiProd to com-

labour and intermediate shares calculated as the

pute a population structure by year-sector-size

average between the labour/intermediate share

classes. This structure is then used to re-weight

of the firm (averaged over time) and the geomet-

data contained in the PS in order to construct

ric mean of firm labour/intermediate shares in

data that are as representative as possible of the

the industry.

whole population of firms and comparable
across countries.

For the MFP calculations a measure of capital
stock is needed. In the baseline case, the pro-

The MultiProd program computes a series of

gram defines the capital stock variable through

productivity measures that go from the least to

the perpetual inventory method (PIM) in order

the most data-demanding methodologies. To

to increase the comparability of results across

mention a few, gross output based LP; value

countries; the initial value is set to the capital

added based LP; a Wooldridge (2009)-residual

stock reported by the firm in the initial year,

MFP based on value added as in Ackerberg et al.

whenever this is available. For countries that

(2006); a Solow-residual based MFP using exter-

have capital stock information but not invest-

Table 2: Representativeness of the MultiProd Database for Manufacturing and NonFinancial Market Services, 2011

^ŚĂƌĞŽĨĨŝƌŵƐ;йͿ
Z

ƵƐƚƌŝĂ
ĞůŐŝƵŵ
ĞŶŵĂƌŬ
&ŝŶůĂŶĚΎ
&ƌĂŶĐĞ
,ƵŶŐĂƌǇ
/ƚĂůǇ
EĞƚŚĞƌůĂŶĚƐ
EŽƌǁĂǇ
WŽƌƚƵŐĂůΎΎ
^ǁĞĚĞŶ

ƵƌŽƐƚĂƚ

^ŚĂƌĞŽĨ
ĞŵƉůŽǇŵĞŶƚ;йͿ
Z

ϲϵ
ϳϬ
ϭϬϮ
ϵϴ

ϭϬϬ

ϭϭ
ϲ

ϭϬϭ
ϵϰ
ϭϭ
ϰ
ϳϭ
ϵϮ
ϵϰ

ƵƌŽƐƚĂƚ

ϵϮ
ϵϳ
ϭϭϳ
ϵϴ

ϭϬϬ

ϱϰ
ϱϲ

ϭϬϴ
ϵϵ
ϱϰ
ϰϰ
ϴϵ
ϵϳ
ϵϬ

Source: MultiProd dataset (March 2017) and Eurostat, Business demography statistics
Note: Share of business registers and Eurostat data present in MultiProd. Manufacturing and non-financial market services only. The data come from different sources and the methodology used to treat the data (i.e., cleaning and
calculation of sectors of activity) might differ; hence the comparison must be taken with caution. Shares higher
than 100 per cent are likely to be due to these different methodologies adopted to treat data in the two sources.
*: Finland is 100 per cent of firms with at least 1 FTE.
**: Data for Portugal include the population of active companies, but exclude individual enterprises (i.e. sole proprietors and self-employed); due to data limitations, we can only compare the MultiProd dataset to the total number
of firms with at least one employee from Eurostat.
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ment data, the capital stock becomes the main

reported in the table, except for Italy and the

measure of capital. Finally, labour is measured

Netherlands. However, for these two countries

by the number of employees or persons engaged

the full BR is available, and thus the samples are

(depending on data availability).

reweighted. For instance, Italy has a skewed dis-

At the time of writing, 18 countries have been

tribution with a large mass of very small firms

successfully included in the MultiProd database

which cannot be captured by production sur-

(namely, Australia, Austria, Belgium, Canada,

veys. The survey used by MultiProd contains

Chile, Denmark, Finland, France, Hungary,

only 11 per cent of the total population of firms

Italy, Indonesia, Japan, Luxembourg, Nether-

(both with respect to the BR and to the data pub-

lands, Norway, New Zealand, Portugal and

lished by Eurostat) but it accounts for 54 per

Sweden). The data for each of the countries

cent of total employment. At the same time we

included so far are collected annually and at

have access to the entire population of firms

firm-level.

from the Business Register, which we use to

For most countries the time period covered by

reweight our sample moments.

MultiProd spans between the early 2000s and

In the Netherlands the situation is similar,

2012. Table 1 details for each country the exact

with the only existing survey of firms represent-

period covered. MultiProd collects data for all

ing a very small share of firms, but the BR allows

sectors of the entire economy, whenever avail-

us to re-weight those firms ex-post in order to

able. However, for the purposes of this analysis

make the reported statistics representative of the

we have restricted our sample to the manufac-

total economy. In other words, in all countries

turing and non-financial market services sector.

except Italy and the Netherlands each firm has a

To provide an idea of the coverage for the

weight equal (or close) to one, whereas the Ital-

European countries contained in the MultiProd

ian and the Dutch datasets have been reweighted

dataset, Table 2 reports for 2011 the share of

using the BR, which cover the population of

firms and employment with respect to both the

firms.9

Business Register (when available) and to Eurostat data (annual business demography by size
class database). The table is constructed for the

The weighting procedure entails the following two main steps:
1)

Preparation of the population struc-

manufacturing and non-financial market service

ture from the Business Registry (BR): the num-

sectors. The data from Eurostat refer to the total

ber of firms by year, industry, size class is

number of firms or the total number of firms

obtained from the BR, using the most detailed

with at least one employee, in accordance with

industry level available and seven size classes

the micro-data used in MultiProd.

(with thresholds at 5, 10, 20, 50, 100 and 250

Comparing across different data sources is
never easy, but data from Eurostat give a good

employees).
2)

Calculation of actual weights: the

benchmark to compare our data. The coverage

weights are computed, for each variable, as the

is rather high in most of the countries (and

number of firms in the population of the corre-

results are very similar for each year of the sam-

sponding industry and size class divided by the

ple). In particular, we have datasets covering

number of firms in the survey, after having

roughly the population of firms for all countries

cleaned the data through an outlier filter.

9

The weights are variable-specific, hence missing information or outliers might cause weight to be different
from one even in the presence of data containing the entire population of businesses.
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•

Output
MultiProd output is a collection of files that
contain statistics for different variables computed yearly at a detailed sectoral

level. 10

The

Basic moments: mean, median, standard
deviation, and number of non-missing values, for a series of variables.

•

Several measures of aggregate productivity:

program is flexible to allow for multiple levels of

decomposition of both aggregate LP and/or

aggregation at which the output is produced

MFP, together with allocative efficiency

and, for each of those levels, the types of aggre-

measures (Olley-Pakes 1996 covariance

gated data to be included.

terms).

The statistics are never collected at the level

•

Measures of allocative efficiency based on

of the individual firm. Instead the programme

Hsieh and Klenow (2009), and Petrin and

splits firms along various dimensions, into cells,

Sivadasan (2013) to analyse the role of allo-

and for each cell collects aggregate annual data.

cation and selection.

In addition, these statistics are collected in terms

•

Distribution characteristics for productivity

of both levels and growth rates. The dimensions

levels, productivity growth rates, output and

used for the split are the following, which can be

wages. These include both non-parametric

specified at different levels of aggregation:

measures such as percentiles and parameters

•

Sector: 1-digit (STAN A7) aggregation level
and 2-digit (STAN A38) aggregation level;

•

(including growth rate and wage dispersion)

ting firms into productivity quantiles (with

by quantiles of the productivity distribution

productivity defined in various ways, such as

in levels and growth, and by quantiles of the

LP, MFP à la Wooldridge 2009, MFP à la

sales distribution.
•

Gross output distribution: splitting firms
Size class: splitting firms into groups based

firms at the productivity frontier.
•

on employment levels;
•
•

•

Age of the firm: splitting firms into groups

Characteristics (productivity, age, persistence, size, ownership, investments etc.) of

into quantiles based on gross output;
•

Descriptive statistics of firm characteristics

Firm-level productivity distribution: split-

Solow);
•

of the distributions (e.g., pareto).
•

Employment dynamics by quantiles of the
productivity distribution.

•

Estimated parameters from distributed

based on age;

regressions at the firm level, with the aim of

Ownership: independent firm vs. affiliate of

establishing a set of stylised facts for each

a business group, and nationality of the

country regarding the relationship between

group;

productivity, firm characteristics (size, age,

Demographics: entrants, exitors, incum-

previous performance, ownership, etc.) and

bents, etc.

structural characteristics (concentration,

The output is provided also combining the
previous dimensions together (e.g. the interaction of age and size

classes).11

Several statistics are collected:

misallocation, sectoral policies, etc.).
•

Tabulations of firms with negative value
added and graphs of the sectors' productivity distributions.
The output produced by the program covers a

wide range of topics: productivity heterogene10 For further details see Berlingieri et al.(2017b).
11 However note that, although possible, the code never combines more than three dimensions at the same
time; the reason is that the number of firms in each cell would become small enough to incur confidentiality problems, especially at high levels of industry disaggregation.
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ity; allocative efficiency; granularity; and wage

This analysis sheds light on the so-called "gran-

dispersion and its link to productivity.

ular" hypothesis, which posits that aggregate

In order to examine the effects of policies and

fluctuations are the results of microeconomic

macro shocks on productivity heterogeneity we

shocks and not economy-wide shocks, as usually

collect information about the distribution of

assumed. 12 Such idiosyncratic shocks, even if

productivity (using different measures for it, as

they are uncorrelated, may not cancel on aver-

described before). In particular, we aggregate

age if sectors are dominated by a small number

productivity and its variance to the sector level,

of large firms. This fact can have important

and we decompose productivity dispersion into

implications for policies aimed at increasing

within- versus between-sector and within- ver-

economic resilience, and highlights the impor-

sus between- quantile dispersion. Given the rel-

tance of studying firm-level data to better

evance of this topic, this article is focused

understand aggregate outcomes. The MultiProd

exclusively on this block of results.

project can offer new insights on this hypothesis

The access to firm-level data across multiple

by analysing how much of a country's economic

countries also allows us to conduct an extensive

activity is driven by a small number of important

examination of allocative efficiency over time

firms, and how much of the observed productiv-

and across countries, applying a number of dif-

ity variation is indeed the result of microeco-

ferent methods. The methods used are: the

nomic variations. The program collects a

Olley and Pakes (1996) static productivity

number of indicators, such as: the market share

decomposition, as well as a dynamic version of it

and the share of employment accounted for by

(Melitz and Polanec, 2015); measurement of job

the top decile of firms in terms of gross output

reallocation; measurement of productivity dis-

and productivity; the sectoral level Hirsch-Her-

persion in the top and bottom size quantile of

findahl Index (HHI); the decomposition of

firms in each sector and comparison to the pro-

aggregate productivity in both level and growth

ductivity dispersion in the whole sector; mea-

between the contribution of the largest firms

surement of misallocation according to the

and that of the other firms.

Hsieh and Klenow (2009) procedure with some

Finally, data collected in the MultiProd

refinements; a description of the distribution of

project are instrumental to understand the evo-

firm-level distortions in each input and their

lution of the between-firm component of wage

overall impact on aggregate productivity; analy-

dispersion, which has been found to account for

sis of the gap between the value of the marginal

a large share of the wage inequality of individu-

product of an input and its marginal cost as in

als (see, for example, Dunne et al., 2004, Card et

Petrin and Sivadasan (2013); and run of distrib-

al., 2013, Card et al., 2014, Song et al., 2015). In

uted firm-level regressions of these measures of

particular the program decomposes the wage

misallocation on firm characteristics such as

dispersion in the within and between contribu-

size, age, and ownership.

tion both for industry and productivity quan-

In addition, the role of the largest firms can be

tiles; calculates the share of each industry and

investigated in great detail and compared to that

productivity quantile in the overall within com-

of the most productive firms ("frontier firms").

ponent of wage dispersion; identifies the impact

12 With "granularity" we refer to the extent to which economic activity in general, and aggregate productivity in
particular, is driven by a small number of large firms. When large firms represent a disproportionate share of
the economy, indeed, aggregate fluctuations may be governed by idiosyncratic shocks to these large firms.
This hypothesis - called the "granular hypothesis" and proposed in Gabaix (2011) - suggests that aggregate
fluctuations can be traced back to micro shocks hitting a small number of large firms.
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of various policies (e.g. minimum wage) on dis-

Productivity Dispersion and its

persion through distributed regressions.

Evolution over Time

The next section will focus on productivity

In order to capture heterogeneity in the data,

heterogeneity, and provide evidence on the dis-

MultiProd calculates several measures of disper-

persion of productivity and its evolution over

sion for productivity within macro-sectors and

time obtained with the MultiProd dataset.

2-digit industries: the standard deviation; the
90-10, 90-50, and 50-10 ratios; as well as the

Productivity Heterogeneity
A startling fact of firm-level productivity anal-

interquartile range (i.e., the difference between
the 75th and the 25th percentile).

ysis is the large and persistent differences in

In particular, the 90-10 productivity ratio is

both LP and MFP between firms, even within

defined as the ratio of the 90th percentile to the

narrowly defined sectors.

10th percentile of the productivity distribution.

The MultiProd project offers a detailed

It is used widely in the productivity literature to

understanding of productivity dispersion by

assess the spread of the productivity distribu-

investigating the relationship between micro-

tion. The measure is quite intuitive since a 90-10

economic dispersion and economy-wide disper-

ratio of X can be interpreted as firms at the top

sion, in order to provide a better illustration of

of the productivity distribution, proxied by

productivity variation within countries. In par-

firms at the 90th percentile, producing X times

ticular, to document productivity heterogeneity,

as much as firms at the bottom of the distribu-

MultiProd collects information about the distri-

tion, proxied by firms at the 10th percentile,

bution of productivity, aggregates productivity

given the same amount of inputs.

and its variance at the 2-digit sector and at the

As an example, in Table 3 we illustrate the 90-

macro-sectoral level, and decomposes produc-

10 ratio for both (log) LP and (log) MFP in

tivity dispersion into within — versus between

2011. The table illustrates some important fea-

— sector components.

tures. First, there is a rather significant produc-

Table 3: Productivity 90-10 Ratio in 2011, by Country

ƵƐƚƌĂůŝĂ
ƵƐƚƌŝĂ
ĞůŐŝƵŵ
ŚŝůĞ
ĞŶŵĂƌŬ
&ŝŶůĂŶĚ
&ƌĂŶĐĞ
,ƵŶŐĂƌǇ
/ŶĚŽŶĞƐŝĂ
/ƚĂůǇ
:ĂƉĂŶ
EĞƚŚĞƌůĂŶĚƐ
EĞǁĞĂůĂŶĚ
EŽƌǁĂǇ
WŽƌƚƵŐĂů
^ǁĞĚĞŶ
hŶǁĞŝŐŚƚĞĚ ǀĞƌĂŐĞ

>ŽŐ;>WͺsͿϵϬͲϭϬƌĂƚŝŽ
DĂŶƵĨĂĐƚƵƌŝŶŐ
^ĞƌǀŝĐĞƐ

ϭ͘ϴϳ
ϭ͘ϵϲ
ϭ͘ϲϬ
ϯ͘ϬϬ
ϭ͘ϰϲ
ϭ͘ϭϳ
ϭ͘ϯϱ
Ϯ͘ϳϵ
ϯ͘ϭϭ
ϭ͘ϲϲ
ϭ͘Ϯϲ
Ϯ͘ϬϬ
ϭ͘ϴϰ
ϭ͘ϳϯ
ϭ͘ϴϴ
ϭ͘ϰϱ
ϭ͘ϴϴ

Ϯ͘Ϭϱ
Ϯ͘ϰϮ
ϭ͘ϳϰ
ϯ͘ϱϯ
ϭ͘ϵϲ
ϭ͘ϯϴ
ϭ͘ϴϭ
ϯ͘Ϯϵ
Ͳ
Ϯ͘Ϭϭ
ϭ͘ϯϴ
Ϯ͘ϵϴ
Ϯ͘Ϭϵ
Ϯ͘ϭϳ
Ϯ͘ϲϱ
ϭ͘ϴϲ
Ϯ͘ϮϮ

>ŽŐ;D&WͿϵϬͲϭϬƌĂƚŝŽ
DĂŶƵĨĂĐƚƵƌŝŶŐ
^ĞƌǀŝĐĞƐ

ϭ͘ϵϬ

Ϯ͘ϭϮ

ϭ͘ϴϬ
ϯ͘Ϭϳ
ϭ͘ϯϮ
ϭ͘ϭϵ
ϭ͘ϰϬ
Ϯ͘ϱϰ
ϯ͘ϰϭ
ϭ͘ϲϬ
ϭ͘ϭϳ
Ϯ͘Ϯϳ
ϭ͘ϵϮ
ϭ͘ϴϳ
ϭ͘ϴϴ
ϭ͘ϱϵ
ϭ͘ϵϯ

ϭ͘ϳϴ
ϯ͘ϴϳ
ϭ͘ϴϬ
ϭ͘ϯϰ
ϭ͘ϳϴ
Ϯ͘ϴϲ
Ͳ
ϭ͘ϴϴ
ϭ͘ϯϴ
Ϯ͘Ϯϳ
Ϯ͘Ϭϴ
Ϯ͘Ϭϴ
Ϯ͘ϳϱ
Ϯ͘ϰϱ
Ϯ͘ϭϳ

Source: MultiProd dataset, March 2017.
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Chart 1: Top, Median and Bottom Decile Over Time
Panel A: (log) LP

Panel B: (log) MFP

Source: MultiProd dataset, March 2017.
Note: Lop-LP (panel A) and Log-MFP à la Wooldridge (panel B) in the 10th, 50th and 90th percentile of the productivity
distribution, for manufacturing (left panel) and services (right panel) since 2000. The countries included are AUS,
AUT, BEL, CHL, DNK, FIN, FRA, HUN, ITA, JPN, NLD, NOR, NZL, PRT, SWE. IDN is available only for manufacturing;
therefore, for comparability across sectors, it has been excluded from the graph. The graphs can be interpreted as
the cumulated growth rates of LP (MFP) within each country and sector over the period. For instance, in 2012 in
manufacturing in the 90th quantile of productivity is roughly 19% (24%) higher than in 2001. The estimates
reported in Panel A (Panel B) are those of year dummies in a cross-country regression of log-LP (log-MFP) in the
90th, 50th and 10th percentile of the distribution.

tivity dispersion in both manufacturing and

higher in services than in manufacturing,

services between the top performing and the

whether in terms of LP or MFP. Third, the ratio

bottom performing firms, and both in terms of

is particularly high in Chile, Indonesia and

LP and MFP. Second, dispersion is on average

Hungary. Finally, in 2011, on average across
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countries, firms in the top decile of the distribu-

The cross-industry component V Xt captures

tion can produce more than six times as much

instead how much sectors vary from each other.

value added per worker as firms in the bottom
V = V +V
t
Ft
Xt

decile of the same country's manufacturing sec-

(1)

tor, and nine times in services. Essentially the
same proportion is kept when looking at the 90-

The within-industry variance VFt is the average

10 ratio in terms of MFP: with the same amount

over all sectors j of the square deviation of

of measured inputs, firms at the top of the distri-

firms' productivity Pit to their sector (weighted)

bution produce almost seven times the output of

average LP Pjt :

firms at the bottom in the manufacturing sector,
and almost nine times in the services sector. The

V

Ft

1
= -L

L ( P – P jt )
it it
t∑∑

large dispersion reflects the heterogeneity of

j

the sample, with developing countries such as
Indonesia displaying a very high dispersion.13

=

Chart 1 shows the productivity (LP and MFP,
respectively) of the 10th, the 50th and 90th percentile of the (log) productivity distribution,

L
jt
------L
t

∑ ∑
j

=

normalizing the year 2001 to 0. In each figure,

∑

2

iεj
L
2
it
------- ( P – P jt )
it
L
jt

(2)

iεj
L
2
jt
------- δ jt
L
t

j

the left panel represents productivity dispersion
in manufacturing and the right panel represents

and the cross-industry component V Xt is the

productivity dispersion in (non-financial) mar-

average of the squared deviation of sector j's

ket services. The data show that there has been

average productivity Pjt to the economy-wide
productivity Pt :

an increase in dispersion of productivity over
time, especially in the services sector. The negative effect that the Great Recession had on the
productivity trends is also evident from the fig-

V

≡
Xt

∑

L
2
jt
------- ( P – P t )
jt
L
t

(3)

j

ures, especially at the bottom of the distribution.

where Ljt/Lt is the employment share of sector j

Productivity Dispersion
Decomposition
To better understand the origin of the produc-

at time t, and

2

L

it

δ jt ≡ ∑ ------- ( P it – Pjt )

2

L jt

is

tivity dispersion, it is possible to decompose the

iεj
the labour-weighted industry variance of firm-

total econmy productivity variance Vt at a point

level LP.14

in time into two components: a within-industry

The MultiProd project contributes to the lit-

component VFt and a cross-industry component

erature by offering a detailed decomposition of

VXt. The within-industry component VFt captures

overall productivity dispersion based on cross-

how much a firm's individual productivity dif-

country microeconomic data. This decomposi-

fers from the sector (labour-weighted) average.

tion can help understand how much of the country-level dispersion in productivity comes from

13 The table display the average dispersion within 2-digit sectors. While performing the same exercise within 4digit sectors would partially reduce the dispersion (not available due to confidentiality), the comparison
across countries at the 2-digit is nevertheless informative. Moreover, the microdata used for MultiProd contain, or are representative for, the whole population of firms with at least one employee, which naturally imply
a higher level of dispersion than other more selected samples.
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Table 4: Share of Within-Sector LP Variance in Total Productivity Dispersion, 2011

ƵƐƚƌĂůŝĂ
ƵƐƚƌŝĂ
ĞůŐŝƵŵ
ŚŝůĞ
ĞŶŵĂƌŬ
&ŝŶůĂŶĚ
&ƌĂŶĐĞ
,ƵŶŐĂƌǇ
/ŶĚŽŶĞƐŝĂ
/ƚĂůǇ
:ĂƉĂŶ
EĞƚŚĞƌůĂŶĚƐ
EŽƌǁĂǇ
WŽƌƚƵŐĂů
^ǁĞĚĞŶ
hŶǁĞŝŐŚƚĞĚ ǀĞƌĂŐĞ

>WŝƐƉĞƌƐŝŽŶ
DĂŶƵĨĂĐƚƵƌŝŶŐ
98
86
76
90
84
65
63
79
79
82
75
80
83
62
53

ϳϳ

^ĞƌǀŝĐĞƐ
99
90
88
97
63
76
85
99
65
89
71
73
76
74

ϴϮ

Source: MultiProd dataset, March 2017.

microeconomic dispersion within narrowly

persion observed across firms in manufacturing

defined sectors, and how much comes from

(services): a large share of dispersion comes

more aggregate shocks that affect whole sectors.

from heterogeneity in LP between firms within

This is achieved by looking at the ratio V Ft/ V t

the same two-digit sector. In other words, a sub-

which reflects the importance of microeconomic

stantial part of productivity heterogeneity does

shocks to aggregate dispersion. The decomposi-

not come from the type of activity that firms

tion suggested here is a cross-sectional decom-

engage in, per se, but rather from more intrinsic

position of productivity dispersion in a given

differences among firms within the same sector

period t.

of activity in the same country.15

Table 4 presents the ratio V Ft/ V t for LP in

In addition to the above decomposition, the

2011. The two columns report the share of total

overall within-industry component can then be

LP dispersion accounted for by within-sector

further decomposed into the contribution from

dispersion, for manufacturing and services

each industry, to precisely pin down which

respectively. The results show that on average

industry drives productivity dispersion, i.e.

within-sector dispersion accounts for more than

which are the industries where dispersion is

77 per cent (82 per cent) of the overall LP dis-

stronger. Similarly to Carvalho and Gabaix

14 Note that this is the variance decomposition of LP. It can be generalized to MFP but the choice of the appropriate weights becomes less straightforward. In the literature it is common to use output weights (gross output or value added, depending on how MFP is estimated) but the resulting weighted average does not
correspond to the precise measure of aggregate productivity. Moreover, the standard Domar weights used to
decompose (gross output) MFP productivity growth do not yield an exact decomposition. Van Biesebroeck
(2008) shows that to do so one would need more complex input weights.
15 Table 4 displays the average dispersion within 2-digit sectors. As already stated in footnote 11 for the
previous exercise, performing this decomposition within 4-digit sectors would partially reduce the share
of within-sector productivity variance (not available to us due to confidentiality). The comparison across
countries at the 2-digit level is nevertheless informative. Moreover, the microdata used for MultiProd
contain, or are representative for, the whole population of firms with at least one employee, which naturally imply a higher level of dispersion than other more selected samples.
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Table 5: Contribution of the Top Three Sectors in the Share of Within-Sector LP Variance
in Total Productivity Dispersion, 2011

DĂŶƵĨĂĐƚƵƌŝŶŐ

ƵƐƚƌĂůŝĂ

ƵƐƚƌŝĂ

ĞůŐŝƵŵ

ŚŝůĞ

ĞŶŵĂƌŬ

&ŝŶůĂŶĚ

&ƌĂŶĐĞ

,ƵŶŐĂƌǇ

/ŶĚŽŶĞƐŝĂ

/ƚĂůǇ

:ĂƉĂŶ

EĞƚŚĞƌůĂŶĚƐ

&ŽŽĚƉƌŽĚƵĐƚƐ͕ďĞǀĞƌĂŐĞƐĂŶĚƚŽďĂĐĐŽ
DĂĐŚŝŶĞƌǇĂŶĚĞƋƵŝƉŵĞŶƚŶ͘Ğ͘Đ͘<
ĂƐŝĐƉŚĂƌŵĂĐĞƵƚŝĐĂůƉƌŽĚƵĐƚƐĂŶĚ
ƉŚĂƌŵĂĐĞƵƚŝĐĂůƉƌĞƉĂƌĂƚŝŽŶƐ&
DĂĐŚŝŶĞƌǇĂŶĚĞƋƵŝƉŵĞŶƚŶ͘Ğ͘Đ͘<
ĂƐŝĐŵĞƚĂůƐĂŶĚĨĂďƌŝĐĂƚĞĚŵĞƚĂůƉƌŽĚƵĐƚƐ͕
ĞǆĐĞƉƚŵĂĐŚŝŶĞƌǇĂŶĚĞƋƵŝƉŵĞŶƚ,

sĂƌ͘^ŚĂƌĞ
ϯϱ
Ϯϴ

ϭϯ
ϭϳ
ϭϱ

tŽŽĚĂŶĚƉĂƉĞƌƉƌŽĚƵĐƚƐ͕ĂŶĚƉƌŝŶƚŝŶŐ

ϭϮ

ŚĞŵŝĐĂůƐĂŶĚĐŚĞŵŝĐĂůƉƌŽĚƵĐƚƐ

ϰϮ

&ŽŽĚƉƌŽĚƵĐƚƐ͕ďĞǀĞƌĂŐĞƐĂŶĚƚŽďĂĐĐŽ
tŽŽĚĂŶĚƉĂƉĞƌƉƌŽĚƵĐƚƐ͕ĂŶĚƉƌŝŶƚŝŶŐ
tŽŽĚĂŶĚƉĂƉĞƌƉƌŽĚƵĐƚƐ͕ĂŶĚƉƌŝŶƚŝŶŐ

ϯϬ
ϳ
ϱϰ

&ŽŽĚƉƌŽĚƵĐƚƐ͕ďĞǀĞƌĂŐĞƐĂŶĚƚŽďĂĐĐŽ

ϮϮ

ŽŬĞĂŶĚƌĞĨŝŶĞĚƉĞƚƌŽůĞƵŵƉƌŽĚƵĐƚƐ
DĂĐŚŝŶĞƌǇĂŶĚĞƋƵŝƉŵĞŶƚŶ͘Ğ͘Đ͘<
&ƵƌŶŝƚƵƌĞ͖ŽƚŚĞƌŵĂŶƵĨĂĐƚƵƌŝŶŐ͖ƌĞƉĂŝƌĂŶĚ
ŝŶƐƚĂůůĂƚŝŽŶŽĨŵĂĐŚŝŶĞƌǇĂŶĚĞƋƵŝƉŵĞŶƚD
&ŽŽĚƉƌŽĚƵĐƚƐ͕ďĞǀĞƌĂŐĞƐĂŶĚƚŽďĂĐĐŽ
ŽŵƉƵƚĞƌ͕ĞůĞĐƚƌŽŶŝĐĂŶĚŽƉƚŝĐĂůƉƌŽĚƵĐƚƐ/

ϭϭ
Ϯϴ

ϭϱ
Ϯϴ

tŽŽĚĂŶĚƉĂƉĞƌƉƌŽĚƵĐƚƐ͕ĂŶĚƉƌŝŶƚŝŶŐ

ϭϳ

Ϯϰ

ĂƐŝĐƉŚĂƌŵĂĐĞƵƚŝĐĂůƉƌŽĚƵĐƚƐĂŶĚ
ƉŚĂƌŵĂĐĞƵƚŝĐĂůƉƌĞƉĂƌĂƚŝŽŶƐ&
ĂƐŝĐƉŚĂƌŵĂĐĞƵƚŝĐĂůƉƌŽĚƵĐƚƐĂŶĚ
ƉŚĂƌŵĂĐĞƵƚŝĐĂůƉƌĞƉĂƌĂƚŝŽŶƐ&
ŽŵƉƵƚĞƌ͕ĞůĞĐƚƌŽŶŝĐĂŶĚŽƉƚŝĐĂůƉƌŽĚƵĐƚƐ/
&ŽŽĚƉƌŽĚƵĐƚƐ͕ďĞǀĞƌĂŐĞƐĂŶĚƚŽďĂĐĐŽ

ϭϳ
ϭϮ

dƌĂŶƐƉŽƌƚĞƋƵŝƉŵĞŶƚ>

ϯϮ

ŽŵƉƵƚĞƌ͕ĞůĞĐƚƌŽŶŝĐĂŶĚŽƉƚŝĐĂůƉƌŽĚƵĐƚƐ/

Ϯϱ

DĂĐŚŝŶĞƌǇĂŶĚĞƋƵŝƉŵĞŶƚŶ͘Ğ͘Đ͘<
dƌĂŶƐƉŽƌƚĞƋƵŝƉŵĞŶƚ>
ŚĞŵŝĐĂůƐĂŶĚĐŚĞŵŝĐĂůƉƌŽĚƵĐƚƐ
&ŽŽĚƉƌŽĚƵĐƚƐ͕ďĞǀĞƌĂŐĞƐĂŶĚƚŽďĂĐĐŽ
DĂĐŚŝŶĞƌǇĂŶĚĞƋƵŝƉŵĞŶƚŶ͘Ğ͘Đ͘<

Ϯϯ
ϯϰ
ϭϴ
ϭϳ
ϭϱ

dƌĂŶƐƉŽƌƚĞƋƵŝƉŵĞŶƚ>

ϭϯ

ĂƐŝĐŵĞƚĂůƐĂŶĚĨĂďƌŝĐĂƚĞĚŵĞƚĂůƉƌŽĚƵĐƚƐ͕
ĞǆĐĞƉƚŵĂĐŚŝŶĞƌǇĂŶĚĞƋƵŝƉŵĞŶƚ,

ϭϮ

ŽŬĞĂŶĚƌĞĨŝŶĞĚƉĞƚƌŽůĞƵŵƉƌŽĚƵĐƚƐ

Ϯϱ

ŚĞŵŝĐĂůƐĂŶĚĐŚĞŵŝĐĂůƉƌŽĚƵĐƚƐ

ϭϳ

DĂĐŚŝŶĞƌǇĂŶĚĞƋƵŝƉŵĞŶƚŶ͘Ğ͘Đ͘<

ϭϭ

ŚĞŵŝĐĂůƐĂŶĚĐŚĞŵŝĐĂůƉƌŽĚƵĐƚƐ

ϯϰ

&ŽŽĚƉƌŽĚƵĐƚƐ͕ďĞǀĞƌĂŐĞƐĂŶĚƚŽďĂĐĐŽ

ϭϬ

ŽŬĞĂŶĚƌĞĨŝŶĞĚƉĞƚƌŽůĞƵŵƉƌŽĚƵĐƚƐ

ϭϬ
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ϭϮ
ϭϳ

^ĞƌǀŝĐĞƐ

dƌĂŶƐƉŽƌƚĂƚŝŽŶĂŶĚƐƚŽƌĂŐĞ,
>ĞŐĂůĂŶĚĂĐĐŽƵŶƚŝŶŐĂĐƚŝǀŝƚŝĞƐ͕ĞƚĐD
tŚŽůĞƐĂůĞĂŶĚƌĞƚĂŝůƚƌĂĚĞ͕ƌĞƉĂŝƌŽĨ
ŵŽƚŽƌǀĞŚŝĐůĞƐĂŶĚŵŽƚŽƌĐǇĐůĞƐ'
Z>^ddd/s/d/^>
tŚŽůĞƐĂůĞĂŶĚƌĞƚĂŝůƚƌĂĚĞ͕ƌĞƉĂŝƌŽĨ
ŵŽƚŽƌǀĞŚŝĐůĞƐĂŶĚŵŽƚŽƌĐǇĐůĞƐ'
ĚŵŝŶŝƐƚƌĂƚŝǀĞĂŶĚƐƵƉƉŽƌƚƐĞƌǀŝĐĞ
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Source: MultiProd dataset, March 2017.

(2013), who investigate the importance of gran-

In other words, this suggests that in the after-

ularity - or microeconomic shocks - in driving

math of the crisis a larger share of the produc-

macroeconomic fluctuations, one can decom-

tivity dispersion cam e f rom productivity

pose the within-industry component of the pro-

differences across rather than within sectors.

ductivity variance into the weighted

This might suggest that the aggregate shock of

productivity variances of industries, as shown in

the Great Recession might have affected more

the last term of Equation (2).16

systematically certain sectors, such as durables,

We report in Table 5 the top three contribu-

relative to how systematically it affected firms

tors to LP variance in 2011 for each country, and

at the top and the bottom of the productivity

for manufacturing and services respectively.

distribution within sectors. Nonetheless, this

Some sectors, such as "food products, beverage

impact still left a large part of productivity het-

and tobacco", "machinery and equipment",

erogeneity that cannot be explained by sectoral

"wholesale and retail trade, repair of motor

differences, suggesting that cross-sectoral anal-

vehicles and motorcycles," and "transport and

yses are likely to underestimate the amount of

storage" regularly appear amongst the sectors

productivity divergence in the economy.

characterized by the highest productivity dispersion. This suggests that there might be sectoral features of the within-sector distribution
of firms that might affect the distribution of pro-

Conclusions and Avenues for
Future Research
This article provides an overview of the main

ductivity.

contributions of the MultiProd project in light

We now describe how the share of within-sec-

of the current literature. It focuses, in particular,

tor variance of LP evolves over time, particu-

on the role of productivity heterogeneity and

larly in light of the Great Recession. The

the evidence that emerges from the distributed

results displayed in Chart 2 suggest that within

micro-data analysis carried out in the project,

sector variance of LP remained the most

which resulted in a unique dataset of harmo-

important component of overall variance, well

nized cross-country moments that are represen-

above 75 per cent, but its importance declined

tative for the population of firms and

in both manufacturing and services after 2008.

16 This is an exact decomposition of the within-industry component of variance, which differs from what they
define as fundamental volatility for the weights (not squared in the present case) and the variance (computed
on the cross section of firms and not constant over time).
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Chart 2: Share of Within-Sector log-LP Dispersion in Total Productivity Dispersion, 20002012

EŽŶͲĨŝŶĂŶĐŝĂůŵĂƌŬĞƚƐĞƌǀŝĐĞƐ

DĂŶƵĨĂĐƚƵƌŝŶŐ
ϵϬй
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Source: MultiProd dataset, March 2017.
Note: Share of within-sector dispersion in overall macro-sector Log-LP dispersion. Average across countries and sectors, weighted by employment. Countries: AUS, AUT, BEL, CHL, DNK, FIN, FRA, HUN, ITA, JPN, NLD, NOR, NZL, PRT,
SWE.

comparable across countries even at a detailed

declined both in manufacturing and services,

two-digit industry level.

suggesting that the Great Recession might have

We have shown that productivity dispersion is

systematically affected certain sectors, more

high in both manufacturing and non-financial

than systematically affecting firms at the top and

market services: in 2011, for instance, firms in

the bottom of the productivity distribution

the top decile of the distribution produced more

within sectors. In any case, within-sector vari-

than six times as much value added per worker as

ance remains by far the main component of the

firms in the bottom decile of the same country's

overall LP variance even after 2008.

manufacturing sector, and nine times in services.

This article has focused on productivity heter-

Moreover, dispersion has increased over time,

ogeneity, but, thanks to the richness of the out-

especially in services. A substantial part of this

put of the MultiProd project, other analyses can

productivity heterogeneity seems to come from

be carried out in order to:

differences among firms within the same sector

•

of activity in the same country, rather than from
the type of activity that firms engage in, per se.

Better depict the Schumpeterian process of
creative destruction across countries;

•

Gauge whether resources are efficiently

On average, the within-sector dispersion

allocated through the analysis of the firm-

accounts for more than 77 per cent (82 per cent)

level productivity distribution, with further

of the overall LP dispersion observed across

refinements by size, age, and ownership cat-

firm in manufacturing (services). Finally, the

egories;

analysis of the within sector variance of LP over

•

Identify the largest firms and understand

time suggests that it remained the most impor-

how they differ in terms of their weight in

tant component of the overall variance, well

the economy, their productivity perfor-

above 80 per cent, for almost the entire period.

mance, and their contribution to aggregate

From 2008 onward its importance slightly

productivity growth;

INTERNATIONAL PRODUCTIVITY MONITOR

113

•

Identify firms at the 'frontier' - the best performers - and understand how they differ
across countries, what drives their performance, and how much they contribute to
aggregate productivity growth;

•

Investigate the cross-country differences in
firm-level productivity performance and
allocative efficiency before, during and after
the financial crisis;

•

Investigate the relationship between productivity and wage dispersion, and gauge to
what extent heterogeneity in productivity
has contributed to wage inequality; and

•

Examine the effectiveness of various policy
frameworks aimed at shaping firm productivity and enhancing resource allocation to
more productive firms.
These are just some of the possible interesting

avenues that we plan to address in subsequent
work. Last but not least we aim at linking differences in these important features of productivity
dynam ics a nd distrib utions to struc tural
changes, such as digitalization and globalization, and country framework conditions and
policies.
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