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Abstract

Educational attainment varies greatly across countries and within countries over time. This paper
asks whether the variation in education is primarily due to industry composition or to within industry
skill intensities. The main finding is that within industry variation accounts for at least two-thirds
of the cross-country and the time series variation in educational attainment. The within industry
education gaps are broadly consistent with a model of industry neutral cross-country differences in
skilled labor productivity. These results suggest that theories of educational development should focus
on skill upgrading within industries rather than structural change.
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1 Introduction

The educational attainment of countries increases dramatically with the level of development. In cross-
country data, average years of schooling range from 3.5 years in Sub-Saharan Africa to 12 years in the
U.S. (Barro and Lee, 2001). A large literature has explored the causes of cross-country schooling gaps1

and their contribution to differences in output per worker.2 The majority of this literature is based on
one sector models.

This contrasts with a development literature that emphasizes the importance of the structural trans-
formation for income differences and growth.3 Many low income countries employ more than 80% of their
workers in sectors of low skill intensities, such as agriculture. High income countries, on the other hand,
specialize in skill intensive industries. Gollin, Parente, and Rogerson (2002) and Restuccia, Yang, and Zhu
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education during the process of development. Goldin (1998), Caselli and Coleman (2001), Goldin (2001), Goldin and Katz
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(2007) argue that variation in sectoral employment shares is important for understanding cross-country
income gaps.

These findings raise the question whether sectoral employment shares are also important for under-
standing variation in education across countries and within countries over time. To address this question,
this paper decomposes cross-country and time series variation in educational attainment into the contri-
butions of industry specialization and within industry skill gaps.

Implementation. Section 2 constructs a dataset of skilled and unskilled labor inputs for 28 countries
and 15 industries. The data are drawn from large, individual level datasets provided by the IPUMS
International database (Minnesota Population Center 2009). Workers are divided into skilled and un-
skilled groups depending on their level of schooling. I explore three definitions of skilled labor: primary,
secondary, or higher education completed.

Section 3 develops a decomposition of cross-country education gaps into the contributions of industry
composition and within industry educational variation. Roughly speaking, the decomposition answers
the question: what fraction of the measured education gaps would remain if all cross-country variation
in industry composition were removed? An analogous decomposition splits the time series variation in
education into the contributions of changes in industry mix and within industry skill upgrading.

Findings. Results are presented for cross-country and time series variation in education. In both cases, I
find that within industry skill gaps account for the majority of educational variation. Section 3.1 discusses
the cross-country findings. For all skill definitions, around 75% of the education gaps relative to the U.S.
are due to within industry gaps. A similar fraction is obtained when the analysis is restricted to the 9
countries with the largest education gaps.

It may appear surprising that variation in industry composition contributes relatively little, given that
the fraction of employment in agriculture varies twenty-fold across countries. One reason is that within
industry education gaps are large. The least skill intensive U.S. industry employs more skilled labor than
nearly all sectors in the least educated countries. As a result, even dramatic changes in product mix fail
to eliminate cross-country education gaps.

Section 3.2 presents the time series findings for 17 countries with available data. The time span
between observations ranges from 10 to 40 years. I find that around 85% of the changes in education
occur within industries. For a given definition of skill, the contribution of structural change is smaller
than in the cross-section.

One way of summarizing quantitative findings is as follows: Upgrading the within industry skill
intensities of the least educated countries to U.S. levels would eliminate at least 71% of the education
gaps relative to the U.S. Similarly, within industry skill upgrading accounts for at least 79% of the largest
observed time series changes in education.

One concern with these findings is that the level of industry detail is limited. This might bias the
contribution of structural change downward. Section 4 therefore considers how the findings change when
more detailed industry data are used. Since detailed industry data cover only a subset of all industries, it is
necessary to develop an alternative method for decomposing country education gaps. The decomposition
exploits the fact that cross-country education gaps are approximately industry neutral in the sense of
Trefler (1993). Industry neutrality means that the relative productivity of skilled labor varies by the
same factor in all industries for a given country. This result may be of independent interest. I find no
evidence that finer industry data reduce the role of within industry gaps in either the time series or the
cross-section.
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Related literature. The paper is related to a small literature studying the sources of cross-country
variation in education (see footnote 1 for references). The objective of this paper is to document an
observation which may guide the development of theories of country educational attainment.

The time series results are consistent with the literature on skill-biased technical change, which finds
that roughly two-thirds of the changes in skill intensities within countries are due to within industry skill
upgrading (Berman, Bound, and Griliches 1994; Autor, Katz, and Krueger 1998; Berman, Bound, and
Machin 1998; Machin and Van Reenen 1998). Relative to this literature, my data cover a wider range
of countries and industries, and offer a better measure of educational attainment. Most of the existing
evidence is limited to skill upgrading within manufacturing in high income countries. Only Desjonqueres,
Machin, and van Reenen (1999) and Berman and Machin (2000b), which is summarized in section III of
Berman and Machin (2000a), present evidence for several low-income countries. Moreover, most studies
use the share of non-production labor as a proxy for educational attainment. Only Desjonqueres, Machin,
and van Reenen (1999) present educational attainment for non-manufacturing industries. However, their
database covers only eight high-income countries.

Two of my findings resemble the literature on human capital in cities. Hendricks (2011) shows that
industry neutral differences in skilled labor productivity account well for cross-city data in the U.S. Doms
and Lewis (2006) and Hendricks (2011) find that the bulk of cross-city variation in education is due to
within industry differences, not to variation in product mix.

2 Data

The data are obtained from the IPUMS International database (Minnesota Population Center, 2009). I
use up to two waves for 28 countries that provide sufficient data to estimate labor inputs at the country-
industry level. Table 17 in the Appendix shows summary statistics for each of the countries and years
included in the database.

2.1 Background on the IPUMS International Database

The IPUMS International database collects and harmonizes international micro census data.4 It is ad-
ministered by the Minnesota Population Center in collaboration with national statistical offices. The
database currently covers 130 censuses in 44 countries.

Each sample contains individual level, and mostly also household level, information about a range of
topics, including education, work, income, family structure, and migration. The set of available variables
and their coding varies across samples. For a subset of variables, IPUMS provides consistently recoded
data. The sample design varies across samples. Most samples intend to cover the entire population
of a nation. However, small sub-populations, such a transients or foreign embassy personnel, are often
excluded. A small number of samples exclude larger sub-populations and even entire regions of the
country.

The quality of the data is difficult to assess. IPUMS implements internal consistency checks and flags
inconsistencies. However, I am not aware of any attempts to compare the IPUMS data with other sources.
Hendricks (2010) compares industry and education data for a subset of samples. His findings motivate
the choice of samples included in this paper.

4
Ruggles, King, Levison, McCaa, and Sobek (2003) provide a brief description of the database. Information on some of

the samples is contained in Hall, McCaa, and Thorvaldsen (2000).
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2.2 Sample Selection

The unit of observation is an individual. To be included in the sample, a person must satisfy all of the
following criteria:

1. Age (IPUMS variable AGE) between 15 and 70 years. This range trades off two objectives: (i)
Labor inputs should be comprehensive. (ii) Persons with low work hours should be excluded.

2. Employment status (EMPSTAT) is ”employed.” Where EMPSTAT is not available, CLASSWKR
is used.

3. Industry (INDGEN) is known.

4. Highest grade attained (EDATTAN) and years of schooling (YRSCHL) are known. Some countries
report either intervalled years of schooling or completed school levels. These are recoded into years
of schooling based on each country’s typical duration of schooling by level.

5. Positive individual sampling weight (WTPER).

2.3 Variable Definitions

For each individual, I construct measures of labor input, education, and industry. These are then ag-
gregated into measures of skilled (Hm,i) and unskilled (Lm,i) labor inputs at the country-industry level.
Countries are indexed by m = 1, ...,M . Industries are indexed by i = 1, ..., I. My measurement choices
generally follow Caselli and Coleman (2006) (hereafter CC).

Schooling: EDATTAN assigns each person, indexed by k, one of seven education levels: no school,
some primary, primary completed, lower secondary, secondary, some tertiary, and tertiary. These levels
are indexed by j = 1, ..., 7. Following Caselli and Coleman (2006), I divide persons into ”unskilled” and
”skilled” groups based on their education level j. Persons with EDATTANk ≥ j0 are skilled; others
are unskilled. I consider the same three values of j0 as do CC: primary, secondary, and higher education
completed.

IPUMS derives EDATTAN and YRSCHL from country specific variables that record either years of
schooling or, more commonly, the highest degree attained. For several countries, these variables exhibit
inconsistencies (see Hendricks 2010). In these cases, I recode the country specific variables into EDATTAN
and YRSCHL.

Individual labor input: Within a skill group (H or L), persons are perfect substitutes. Person k

supplies lk = λk × hoursk efficiency units of labor, where hoursk denotes hours worked. Following
CC, labor efficiency is measured by a Mincerian equation of the form λk = exp (µ (sk)− µ (s0)), where sk
denotes years of schooling and µ (sk) maps years of schooling into labor efficiencies. For unskilled workers,
s0 = 0, so that labor is measured in no school equivalents. For skilled labor, s0 denotes average years
of schooling completed at the highest unskilled level: s0 =

�
j<j0

s̄j , where s̄j denotes average years of
schooling at level j. Thus, skilled labor is measured in education level j0 equivalent units.

I follow Hall and Jones (1999) in assuming common Mincer returns for all countries. The returns are
0.134 for the first four years of schooling, 0.1 for the next four years, and 0.068 for all additional years.
The assumption that all countries share the same Mincer returns departs from CC’s specification. This
is motivated by recent work which suggests that cross-country variation in Mincer returns contains large
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measurement errors (Banerjee and Duflo 2005). Allowing Mincer returns to vary across countries yields
similar results.

Few countries report hours worked. For consistency, I therefore assume that workers of given age
and education work the same hours in all countries and years. Each person’s work hours are set to the
mean weekly hours worked in the corresponding age and education (EDATTAN) cell in the year 2000
U.S. sample.

Industry labor input: Industry labor inputs are weighted sums of individual labor inputs: Hm,i =�
k
PERWTklk, where the sum is taken over skilled persons in industry i. Lm,i is defined analogously.

Summing Hm,i and Lm,i over industries yields country level labor inputs (Hm and Lm). Table 18 in the
Appendix lists the estimated skill intensities, Hm/Lm, for all samples.

The data contain two levels of industry detail. Most of the paper uses the variable INDGEN, which
distinguishes 15 industries that are comparable across countries and years. I refer to this as the ”broad”
industry definition. The data also report a finer industry classification (IND), which differs across countries
and years. Section 4 examines how using this ”detailed” industry definition affects the findings.

Skill premium: Individual earnings are imputed from the Mincer equation zk = exp (µ (sk))× hoursk.
Aggregate skilled earnings are then given by WH,m =

�
k
zk where the sum is taken over all skilled

persons. Unskilled earnings (WL,m) are defined analogously. The skill premium is then given by

wH,m

wL,m

=
WH,m

WL,m

Lm

Hm

(1)

The data force me to abstract from skill premium variation across industries within a country. This
assumption is violated in all of the samples for which individual earnings are reported. In these samples,
skill premiums, measured by Mincer returns, are higher in more skill intensive industries. A possible
concern is that abstracting from variation of skill premiums across industries could bias the estimated
skill intensities.

To see this, consider an economy in which workers differ in unmeasured skills. Assume that labor
mobility equates skill premiums across industries. In this case the correct measure of an industry’s skill
intensity is the ratio of skilled to unskilled wage bills. By contrast, my measures of Hm,i and Lm,i abstract
from unmeasured skills and are biased in this economy.

For the subset of samples that report labor earnings, I can compare the two measures of skill intensities.
In all cases I find that both measures are very similar. The reason is that skill intensities vary far more
across industries than do skill premiums. Whether skill premium variation is attributed to labor inputs
or to skill prices is quantitatively not important.

Educational attainment: For most of the paper’s results, educational attainment is measured by the
ratio of skilled to unskilled labor inputs

hm,i = Hm,i/Lm,i. (2)

An alternative measure is average years of schooling, defined as

Sm,i =
�

k

PERWTk hoursk sk/

�

k

PERWTk hoursk (3)
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Table 1: Dispersion of educational attainment

Std. dev. U.S./Lowest 5
Primary 1.73 164.0
Secondary 1.19 69.9
Tertiary 1.18 32.2
Sm 2.50 13.6 / 4.7

Notes: The table shows the standard deviation of ln (Hm/Lm) and the ratio of HUS/LUS to the average
of Hm/Lm for the least educated five countries. Each row represents one definition of skilled labor. The
final row shows the same statistics for average years of schooling.

where the sum is taken over persons in industry i. Where feasible, the findings for both measures are
reported. Both yield similar conclusions. However, the detailed industry statistics of section 4 cannot be
computed for average years of schooling. Also, theories often treat skilled and unskilled labor as imperfect
substitutes. For these reasons, the main focus is placed on hm,i as the measure of educational attainment.

3 Results

This section decomposes the cross-country and time series variation in educational attainment into the
contributions of industry composition and within industry variation. The cross-sectional results use the
most recent wave for each country. The time series results examine the changes within a country between
two waves. The broad industry classification is used.

3.1 Cross-country Education Gaps

Table 1 summarizes the cross-country variation in educational attainment. My measure of country m’s
educational attainment is the ratio of skilled to unskilled labor input, hm = Hm/Lm.

The table reveals a large dispersion of hm across countries. For the primary skill cutoff, the ratio
between the U.S. and the least educated five countries is above 160. The large ratio is due to the fact
that only 4% of U.S. workers have completed at most primary schooling, compared with 95% of Rwandan
workers. The dispersion of hm declines with the skill cutoff. Even for the college cutoff, the U.S. employs
32 times more skilled labor than the five least educated countries. These findings are broadly consistent
with CC’s.

3.1.1 Direct Decomposition

Table 1 reveals that educational attainment varies greatly across countries. My measure of the education
gap between the U.S. and country m is hUS/hm. The purpose of this paper is to decompose this gap into
the contributions of industry composition and within industry education gaps.

A natural decomposition is suggested by the identity

hUS

hm
=

�
i
nUS,ihUS,i�
nm,ihm,i

(4)

Educational attainment in country m is a weighted average of the industry attainments. The weights are
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the unskilled employment shares
nm,i = Lm,i/Lm (5)

Consider two counter-factual experiments, both of which transform hm into hUS .
Experiment I answers the question: By how much would country m’s education gap decline, if the U.S.

downgraded all of its industries to country m’s skill intensities? The experiment first replaces country m’s
product mix (nm,i) with that of the reference country (nUS,i), resulting in the counter-factual attainment
level hIm =

�
i
nUS,ihm,i. h

I
m/hm measures the contribution of product mix to country education gaps.

The experiment then replaces country m’s within industry education (hm,i) with their U.S. values. Thus,

hUS

hIm

=

�
i
nUS,ihUS,i�
i
nUS,ihm,i

(6)

measures the within industry education gaps.
Experiment II answers the complementary question: How much would country m’s education increase,

if all of its industries upgraded their skill intensities to U.S. levels? It reverses the order of Experiment
I’s changes. Starting from hm, it first replaces within industry attainment (hm,i) with hUS,i, resulting in
h
II
m =

�
i
nm,ihUS,i. Within industry education gaps are then given by

h
II
m

hm
=

�
i
nm,ihUS,i�
i
nm,ihm,i

(7)

Then the experiment replaces the sector weights (nm,i) with their U.S. values, so that hUS/h
II
m measures

the contribution of industry composition.
Both experiments offer sensible decompositions that differ only in the employment weights used to

weight within industry education gaps (hUS,i vs. hm,i). Since both experiments yield broadly similar
results, I only report a decomposition that uses the average employment shares of the U.S. and country
i (n̂m,i) as weights. Thus, within industry education gaps are given by

ĥUS,m

ĥm

=

�
i
n̂m,ihUS,i�
i
n̂m,ihm,i

. (8)

The fraction of hUS/hm attributed to within industry education gaps is given by ln
�
ĥUS,m/ĥm

�
/ ln (hUS/hm).

For example, if the country education gap is hUS/hm = 16 and the within industry gap is ĥUS,m/ĥm = 4,
one-half of the total gap is attributed to within industry gaps, while the other half is attributed to industry
mix.

In almost all cases, the within industry gaps implied by Experiment II are slightly larger than those
of Experiment I. Those based on average employment shares lie in between. I refer to (8) as the direct
decomposition. In section 4, I derive an alternative decomposition based on a model of industry neutral
cross-country differences in skilled labor productivity. It yields results that are quite similar to Experiment
II.5

Most of the paper’s findings are reported in the form of cross-country averages. Average educational
attainment, h̄, is defined as the geometric mean of hm across countries. Average education gaps are

5
An alternative decomposition that avoids using the U.S. as the reference country yields similar results. For each country,

define a counterfactual hm with common industry mix as
�

i
n̄ihm,i, where n̄i is the employment share in industry i averaged

across all countries. To measure the importance of within industry education gaps, regress the log counterfactual hm on the

log measured hm. The fraction of cross-country education gaps that occurs within industries is defined as the slope coefficient

of the regression.
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Table 2: Direct decomposition. Cross-country data.

Avg.gap Within gap Within fraction N

Primary 31.78 12.78 0.74 27
Secondary 17.57 10.55 0.82 27
Tertiary 4.86 2.87 0.67 27
Sm 5.51 4.24 0.77 27

Notes: Direct decomposition of cross-country education gaps into the contributions of product mix and
within industry gaps. Each row represents a skill definition. ”Avg. gap” denotes the cross-country average
of education gaps. The remaining columns show the average education gap due to within industry gaps,
the fraction of education gaps due to within industry gaps, and the number of countries. The last row
measures educational attainment by average years of schooling.

defined as the geometric means of the country level gaps (hUS/hm). However, the average fraction of
cross-country gaps that is due to within industry gaps is defined as the arithmetic mean of the within
industry gaps, ln(ĥUS,m/ĥm), divided by the arithmetic mean of the country level gaps, ln(hUS/h̄).6

I also report results that use average years of schooling (Sm) to measure a country’s educational
attainment. Education gaps are then defined as SUS − Sm. Within industry education gaps are given by
a weighted average of SUS,i−Sm,i. The weights are the shares of hours worked in each industry, averaged
across country m and the U.S.

3.1.2 Cross-country Results

Table 2 reports cross-country averages for the direct decomposition. For each skill cutoff, the table shows
the average cross-country education gap and the average within industry gap. To illustrate: the first row
shows results for the primary skill cutoff. The U.S. skill intensity is more than 30 times higher than the
average skill intensity in the other countries. Of this 30-fold gap, a factor of 12.8 (74%) is due to within
industry gaps.

The main message of Table 2 is that at least two-thirds of cross-country education gaps are due to
within industry gaps. There is substantial variation across skill cutoffs in both the average gap and in the
fraction due to within industry gaps. When education is measured by average years of schooling, similar
findings emerge.

Figure 1 shows the within industry gaps by country for the three skill definitions. The horizontal axis
displays each country’s education gap, ln(hUS)− ln(hm). The figure also shows lines with slopes 0.5 and
1. Between these lines, within industry gaps contribute between 50% and 100% of a country’s education
gap. This is the case for the majority of countries, especially for those with low education. Hence, the
averages reported in table 2 capture a feature of the data that is common to many countries.

Country groups. Table 3 studies how the findings vary between countries of different education levels.
For this purpose, the countries are divided into three equally sized groups according to their hm. Group
1 consists of the least educated countries.

Table 3 reports group averages for country education gaps and for the contributions of within industry
gaps. The figures are constructed as in Table 2. The main finding is that within industry gaps account

6
A natural alternative measure, the arithmetic mean of country level fractions due to within industry gaps, is sensitive

to outliers.
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Figure 1: Direct decomposition. Cross-country data.

The figure shows within industry education gaps, ln
�
ĥUS,m/ĥm

�
, and measured education gaps,

ln (hUS/hm), for all countries. Each panel represents a skill definition. Also shown are lines with slopes
0.5 and 1. Between these lines, between 50% and 100% of education gaps are due to within industry gaps.
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Table 3: Direct decomposition. Cross-country data.

Primary skill cutoff Avg.gap Within industry gap Fraction
Group 1 136.81 33.30 0.71
RWA, UGA, KHM, BRA, GHA, IND, PRT, VNM, COL
Group 2 47.38 21.87 0.80
ARG, BOL, VEN, MYS, ECU, CHN, MEX, CRI, PHL
Group 3 4.95 2.86 0.66
ZAF, PAN, CHL, JOR, ESP, GRC, ROM, ITA, CAN
Secondary skill cutoff
Group 1 54.11 20.80 0.76
RWA, UGA, GHA, CHN, VNM, ARG, KHM, COL, IND
Group 2 16.33 12.17 0.89
VEN, MEX, CRI, PRT, ECU, BRA, BOL, ZAF, PAN
Group 3 6.14 4.63 0.84
ESP, CHL, MYS, ITA, PHL, JOR, GRC, ROM, CAN
Tertiary skill cutoff
Group 1 19.68 8.77 0.73
RWA, KHM, CHN, COL, UGA, GHA, VNM, VEN, ZAF
Group 2 3.34 2.30 0.69
BOL, IND, CHL, ARG, ECU, ESP, BRA, ITA, MYS
Group 3 1.74 1.18 0.30
ROM, CRI, PAN, MEX, PRT, PHL, JOR, GRC, CAN

Notes: Direct decomposition of cross-country education gaps. Countries are grouped by hm. The table
shows the average education gap, the average gap due to within industry gaps, and the fraction of cross-
country education gaps due to within industry gaps.

for at least 66% of the education gaps for all country groups. The only exception is the most educated
group with the tertiary skill definition.

One statistic summarizes the findings of this section: If the least educated countries upgraded their
within industry attainments to U.S. levels, holding product mix constant, at least 71% of the observed
country education gaps would vanish.7

3.1.3 Intuition

The results presented so far indicate that product mix accounts for less than one-third of cross-country
education gaps. This may appear surprising, given that countries differ greatly in their industry com-
position. Notably, the fraction of labor employed in agriculture ranges from 2% in the U.S. to 88% in
Rwanda. In this section, I investigate why large differences in product mix do not translate into large
contributions to cross-country education gaps. I document two facts: (i) More educated countries employ
more skilled labor in all industries. (ii) In nearly all industries, the least educated countries employ less
skilled labor than the U.S. median sector. Thus, even dramatic sectoral reallocation is not sufficient to
eliminate large parts of the observed education gaps.

7
This is the thought experiment of Experiment II, for which the contribution of within industry education gaps is slightly

larger than what is shown in Table 3.
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Table 4: within industry and aggregate education gaps.

Skill cutoff Avg. β Avg. R2 Avg. N N industries
Primary 0.88 (0.10) 0.82 (0.11) 27.5 15
Secondary 0.78 (0.14) 0.74 (0.12) 27.6 15
Tertiary 0.74 (0.22) 0.70 (0.17) 27.5 15

Notes: The table shows the results of regressing, by industry, ln(hUS,i) − ln(hm,i) on ln(hUS) − ln(hm).
The statistics shown are the average slope coefficient (with its standard deviation in parentheses), the
average regression R

2, the average number of countries included in the regression, and the number of
industry regressions estimated.

Within industry education gaps. Figure 2 shows that more educated countries employ more skilled
labor in all industries. For the largest eight industries, as measured by U.S. employment, the figure plots
the industry education gap, ln(hUS,i)− ln(hm,i), against the country gap, ln(hUS)− ln(hm). Results are
shown for the ”secondary” skill definition. In all cases, a strong positive relationship is apparent. The
slope of an OLS regression is above 0.5 for each industry.

Table 4 shows that the same holds for the remaining industries. It displays the results of regressing,
by industry, within industry gaps on country level gaps. The average slope coefficient is near 0.75, as is
the average R

2 statistic. Consistent with the previous findings, even if all countries employed the same
product mix, around 75% of the cross-country education gaps would remain. The findings are roughly
consistent across skill cutoffs.

Distributions of industry attainment. Figure 3 establishes the second fact: The distributions of
skill intensities do not overlap much between low skill and high skill countries. That is, the least skill
intensive U.S. industry is more skill intensive than most countries. Conversely, few industries in low
education countries employ more skilled labor than even the least skill intensive U.S. sector.

Figure 3 shows the distribution of hm,i by country. The horizontal axis displays country skill intensities,
ln(hm). The vertical axis shows ln(hm,i) for all industries in country m together with the population
weighted median of ln(hm,i). For the primary and secondary cutoffs, among the ten least educated
countries at most one industry exceeds the skill intensity of median U.S. industry. Conversely, the least
educated U.S. industry (agriculture or personal services, depending on the definition of skill) employs more
skilled labor than the lowest two-thirds of countries (hUS,Ag > hm). The distributions of hm,i overlap more
for the college cutoff. Even in that case, in the four least educated countries no industry is more skilled
than the U.S. median.

3.2 Time Series Decomposition

This section applies the decomposition developed in section 3.1 to the changes in educational attainment
within countries over time. Denote by ht,m,i = Ht,m,i/Lt,m,i the educational attainment of industry i in
country m at date t. The goal is to decompose country level changes in attainment, ln(h2,m)− ln(h1,m),
into the contributions of product mix (nt,m,i) changes and within industry (ht,m,i) changes.

The decomposition proceeds in the same way as for the cross-sectional results (see equation 8). Country
m’s within industry education gap is defined as the weighted average of ln(h2,m,i)−ln(h1,m,i). The weights
are the unskilled labor input shares, averaged across the two dates.
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Figure 2: within industry and aggregate education gaps. Cross-country data.
The figure shows within industry education gaps, ln (hUS,i/hm,i), and country education gaps,

ln (hUS/hm), for the eight industries with the largest employment shares. Also shown are 45-degree lines
(dashed) and OLS regression lines (solid).
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diamonds indicate population weighted median values of ln(hm,i) for each country. The dashed line shows
the same value for the U.S. The solid line . Each plot corresponds to one skill definition.
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Table 5: Time series decomposition of H/L changes.

Avg.gap Within gap Within fraction N

Primary 4.66 4.09 0.91 17
Secondary 3.93 3.74 0.97 17
Tertiary 2.39 1.96 0.77 17
Sm 3.02 2.36 0.78 17

Notes: The table shows the fraction of time series variation in ht,m due to within industry changes in
ht,m,i. The last row shows time series changes in average years of schooling. For notes see Table 2.

Results. Table 5 shows the average contributions of within industry changes in ht,m,i. It is the time
series analog to Table 2. Consistent with the cross-sectional findings, the majority of education changes
occur within industries. The average fractions range from 0.77 to 0.97, depending on the skill definition.
Relative to the cross-sectional results, the within industry contributions are somewhat larger. Similar
findings are obtained when educational attainment is measured by average years of schooling, as shown
in the last row of Table 5.

Figure 4 shows country level results. It plots within industry changes against country-level changes in
skill intensities, ln(h2,m) − ln(h1,m). For most countries, within industry changes account for more than
50%, or at times even for more than 100%, of the country level changes in skill intensities.

A related literature on skill-biased technical change also finds that the bulk of skill upgrading occurs
within industries.8 My findings are not directly comparable with this literature. Almost all of the existing
evidence is limited to manufacturing industries. Lacking data on education, the literature generally uses
the shares of non-production employment or wage bills as proxies for skill intensities.

Perhaps closest to my findings is Desjonqueres, Machin, and van Reenen (1999) who present data for
eight high-income countries, mostly during the 1980s. Their data cover industries outside of manufactur-
ing. Desjonqueres, Machin, and van Reenen (1999) find that the majority of skill upgrading occurs within
industries. Autor, Katz, and Krueger (1998) examine U.S. data over the same time period covered by my
data. They find that 87% of the increase in the fraction of college employment occurs within industries.
The corresponding fraction for my decomposition is 70%.

For non-OECD countries, the literature covers only manufacturing industries. Berman and Machin
(2000a) present data for non-production wage bill shares in 37 countries during the 1970s and 1980s. On
average, 82% of skill upgrading occurs within industries.

Group results. It is of interest to focus on countries which experienced the largest increases in edu-
cation. I therefore divide countries into three groups, based on their changes in ht,m over time. Group 1
countries experience the largest increases in ht,m.

Table 6 shows the average contributions of within industry changes for each group. In all cases but
one (group 3 with the college skill cutoff), at least three quarters of the attainment increases occur within
industries. One useful statistic summarizing the time series results is: Of the largest increases in education
(in group 1), at least 79% were achieved through within industry skill upgrading.

Within industry education changes. One reason why within industry changes in attainment are
important is that countries with rising education tend to upgrade the skill intensities of most industries.

8
The seminal study is Berman, Bound, and Griliches (1994).
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Figure 4: within industry and country level changes in H/L.
The figure shows within industry education changes and country-level education changes, ln(h2,m/h2,m).
Each panel represents one skill definition. Also shown are lines with slopes 0.5 and 1. Between these
lines, within industry changes account for between 50% and 100% of country-level education changes.
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Table 6: Direct decomposition of time series education changes.

Primary skill cutoff Avg.change Within industry gap Fraction
Group 1 9.58 7.81 0.91
BRA, USA, ESP, MEX, GRC, CHL
Group 2 4.41 3.67 0.88
PAN, BOL, CRI, PRT, MYS, COL
Group 3 2.10 2.14 1.03
CAN, IND, ECU, ARG, ROM
Secondary skill cutoff
Group 1 7.08 6.68 0.97
USA, BRA, MYS, MEX, BOL, CHL
Group 2 3.49 3.08 0.90
CRI, PAN, GRC, COL, ARG, PRT
Group 3 2.23 2.36 1.07
ESP, ECU, CAN, IND, ROM
Tertiary skill cutoff
Group 1 4.66 3.38 0.79
MYS, MEX, BRA, USA, BOL, PAN
Group 2 2.16 1.79 0.76
PRT, CHL, ARG, CAN, CRI, GRC
Group 3 1.22 1.12 0.60
ECU, ESP, ROM, IND, COL

Notes: The table shows the fraction of time series variation in ht,m due to within industry changes in
ht,m,i. Countries are divided into groups according to their changes in ht,m. The table shows average
education changes, and the average fraction due to within industry changes.
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Table 7: within industry and aggregate changes in H/L.

Skill cutoff Avg. β Avg. R2 Avg. N N industries
Primary 0.96 (0.20) 0.65 (0.23) 16.7 15
Secondary 0.93 (0.13) 0.54 (0.18) 16.8 15
Tertiary 0.97 (0.24) 0.64 (0.21) 16.4 15

Notes: The table shows the results of regressing, by industry, ln(h2m,i)− ln(h1,m,i) on ln(h2,m)− ln(h1,m).
See Table 4 for notes.

To demonstrate this point, I regress, by industry, within industry changes (ln(h2m,i)− ln(h1,m,i)) on
country level changes (ln(h2,m)− ln(h1,m)) in attainment. Table 7 shows the average slope coefficients
and R

2 statistics of these regressions.
The results are consistent with the cross-sectional analysis (Table 4). The average slope coefficients

are close to unity (albeit with large standard deviations). The R
2 statistics are on the order of 0.6.

Summary. The evidence presented so far suggests that the majority of cross-country education gaps is
due to within industry education gaps. Similarly, the majority of education changes within countries over
time is due to within industry skill upgrading. Product mix makes a smaller contribution. Exactly how
large the contribution of within industry gaps is depends on the definition of skilled labor. Focusing on
the countries with the largest education gaps: If these countries upgraded their within industry skill levels
to U.S. levels, at least 71% of education gaps would vanish (Table 3). Similarly, of the largest increases
in education, at least 79% were achieved through within industry upgrading (Table 6).

4 Detailed Industries

Models of development commonly focus on broad sectoral shifts from unskilled (”agriculture”) to skilled
sectors (”industry”).9 This focus is motivated by the large decline in the employment share of agriculture
observed during the process of development. Even though the data presented so far distinguish only 15
industries, they are sufficient to speak to this class of models.

However, one concern is that aggregating multiple products into one industry may hide some industry
specialization. It is possible that countries differ in the mix of products produced within one of the
15 broad sectors. It is therefore of interest to ask how the previous results change when more detailed
industry data are used.

Detailed industry data. The IPUMS variable IND contains more detailed industry information. The
level of detail varies across countries and year. For example, in the year 2000, the U.S. sample distinguishes
265 industries.

An important drawback of using this data is that each country delineates industries differently. How-
ever, for most samples it is possible to map a large subset of industries into a common classification of
62 categories. The common classification is taken from the CHL 2002 sample. The reason is that several
countries use classifications that are nearly identical to Chile’s. The mapping of industries is often not
one-to-one. At times, one of country m’s industries comprises several of Chile’s industries. These cases are
dropped. In other cases, one or more of country m’s industries comprise only part of a Chilean industry.

9
Examples include Hansen and Prescott (2002) or Gollin, Parente, and Rogerson (2007).

17



These cases are retained. While it is not possible to map all industries into the common classification, the
mapped industries typically account for around 90% of employment.10 Clearly, mapping industries based
on descriptive labels introduces classification errors. Below, I provide indirect evidence that the mapping
is not too noisy.

A second drawback of using detailed industry data is that the decomposition developed in section 3.1.1
cannot be calculated. The reason is that sector weights (nm,i) cannot be computed for all industries. To
address this problem, I develop an alternative decomposition of education gaps which can be implemented
with incomplete industry coverage.

4.1 Industry Neutral Model

This section develops the alternative decomposition and compares it with the direct decomposition of
section 3. The idea is to infer within industry education gaps for industries that cannot be mapped into
the common classification from those that can be. The decomposition exploits the finding of section
3.1.3 that within industry gaps are correlated across industries. I show that educational attainment is
consistent with a model of industry neutral differences in skilled labor productivity.

The decomposition is based on a simple labor demand model which extends CC’s model to multiple
sectors. Each industry is endowed with a production function of the form

ym,i = Am,i

�
γm,iH

ρ

m,i
+ (1− γm,i)L

ρ

m,i

�1/ρ
(9)

where Am,i is a neutral productivity term and γm,i determines the relative productivity of skilled labor.
If labor is paid its marginal product, the labor demand equation is given by

ln

�
wH,m

wL,m

�
= φm,i + (ρ− 1) ln(hm,i) (10)

where

φm,i = ln

�
γm,i

1− γm,i

�
(11)

measures the relative productivity of skilled labor in industry (m, i).
If estimates of φm,i were available for all industries, they could be used to predict hm,i and thus to

decompose cross-country education gaps. When using detailed industry data, φm,i can be estimated from
the factor demand equation (10). However, this possible only for industries that are mapped into the
common classification. To infer φm,i in the remaining industries, I assume that cross-country differences
in φm,i are industry neutral in the sense of Trefler (1993). Industry neutrality means that

φm,i = αm + βi. (12)

The relative productivity of skilled labor (φm,i − φm̂,i) is the same in all industries for a given country
pair. I call αm country m’s skill bias.

Trefler (1993) shows that industry neutral differences in factor augmenting productivity help account
for observed international trade flows. I show below that a model with industry neutral skill bias differ-
ences accounts for a large share of the cross-country and cross-industry variation in φm,i.

10
Table 17 in the Appendix lists the number of detailed industries that can be mapped into the common classification for

all samples. A table listing the mapping from country specific to CHL 2002 industries is available at www.lhendricks.org.
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If skill bias differences are industry neutral, a natural decomposition of cross-country education gaps
is based on the identity

Hm

Lm

=
�

i

nm,i

Hm,i

Lm,i

(13)

=
�

i

nm,i exp




αm + βi − ln

�
wH,m

wL,m

�

1− ρ



 (14)

so that

ln(hm) =
αm − ln (wH,m/wL,m)

1− ρ
+ ln

�

i

nm,i exp

�
βi

1− ρ

�
(15)

This suggests to decompose cross-country gaps into three components:

ln(hUS)− ln(hm) = ∆Wm +∆αm +∆Lm + εm (16)

where

∆Wm =
ln
�
wH,m

wL,m

�
− ln

�
wH,US

wL,US

�

1− ρ
(17)

measures the contribution of skill premiums,

∆αm =
αUS − αm

1− ρ
(18)

measures the role of skill bias, and

∆Lm = ln

�
�

i

nUS,i exp

�
βi

1− ρ

��
− ln

�
�

i

nm,i exp

�
βi

1− ρ

��
(19)

measures the contribution of industry composition. εm is a residual which captures model misspecification
and measurement error. ∆Lm can only be computed if industry coverage is complete. However, αm can
be estimated even with incomplete industry data.

4.2 Estimation

Given measures of Hm,i, Lm,i and skill premiums, I estimate the parameters of the industry neutral
model, αm and βi, as follows. Based on the evidence discussed in CC, I set the elasticity of substitution
to (1− ρ)−1 = 1.4. For each skill definition, I calculate φm,i from (10) for the subset of industries with
available data. I then regress φm,i on country and industry dummies using weighted least squares. Thus,
αm and βi minimize �

m

�

i

nm,i [φm,i − αm − βi]
2 (20)

If detailed industries are used, the industry coverage of countries varies. Only industries present in at
least 10 countries are retained.

If skill premiums vary across industries, the estimates of φm,i are biased. Note, however, that country
specific variation in skill premiums does not bias φm,i; it was removed in the estimation of φm,i using (10).
Therefore, (20) yields biased estimates of βi, which play no role for the paper’s results, whereas there is
no reason to expect the estimated αm to be biased.
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Table 8: Fraction of variation in φm,i accounted for by the industry neutral model.

Broad industries Detailed industries
Skill cutoff R

2
i

R
2
m D.f. R

2
i

R
2
m D.f.

Primary 0.90 0.84 369 0.85 0.75 1107
Secondary 0.79 0.86 370 0.73 0.80 1171
Tertiary 0.63 0.76 369 0.40 0.72 1123

Notes: The table shows the means of R2
i
across industries and of R2

m across countries. D.f. denotes the
degrees of freedom in the regression of φm,i on industry and country dummies. Detailed industries and
cross-country data are used.

4.3 Cross-country Results

This section presents the decomposition of cross-country education gaps based on the industry neutral
model using detailed industry data. Before presenting the results, it is useful to verify that the industry
neutral model accounts well for the data and yields similar results to the decomposition of section 3 when
broad industries are used.

4.3.1 Evaluating the industry neutral model

To evaluate whether the industry neutral restriction offers a good approximation to the data, I compare
the predicted values of φm,i with their observed counterparts. The fraction of φm,i variation in industry
i which is accounted for by the model is measured by the pseudo R

2

R
2
i = 1−

�
m
(φm,i − αm − βi)

2

�
m

�
φm,i − 1

Mi

�
m
φm,i

�2 (21)

The numerator is the model’s residual sum of squares. The denominator measures the total sum of
squares. Mi denotes the number of countries with data for industry i. The values of φm,i are calculated
from the labor demand equation (10). Predicted values of φm,i are given by αm + βi. The pseudo R

2 for
cross industry variation within country m, R2

m, is defined analogously.
Table 8 shows that the industry neutral model accounts for 63% to 90% of the variation in φm,i across

countries and industries. The sole exception is R
2
i
for detailed industries with the tertiary skill cutoff.

This is a recurring finding. Possibly due to larger measurement error in labor inputs, the industry neutral
model generally accounts less well for the data when the tertiary skill cutoff is used.

An alternative way of evaluating the industry neutral model compares the predicted and observed
values of educational attainment, hm,i. The predicted values, hpred

m,i
, are computed from the firm’s labor

demand equation (10), imposing the industry neutral assumption φm,i = αm + βi.
Table 9 shows pseudo R

2 values for industries and countries. Industry i’s pseudo R
2 is defined as

R
2
i = 1−

�
m

�
ln(hm,i)− ln(hpred

m,i
)
�2

�
m

�
ln(hm,i)− 1

Mi

�
m
ln(hm,i)

�2 (22)

The country pseudo R
2
m is defined analogously.
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Table 9: Fraction of variation in hm,i accounted for by the industry neutral model

Broad industries Detailed industries
Skill cutoff R

2
i

R
2
m R

2
i

R
2
m

Primary 0.91 0.84 0.86 0.75
Secondary 0.79 0.86 0.74 0.80
Tertiary 0.63 0.76 0.44 0.72

Notes: The table shows the fraction of variation in hm,i across countries and industries accounted for by
the industry neutral model.

The industry neutral model generally accounts for at least 72% of the variation in ln(hm,i) across
industries and countries. The exception is again the tertiary skill cutoff, where the model accounts for
less than one-half of the variation. I conclude that the industry neutral model offers a useful approximation
to the data. The good fit of the model also suggests that errors in the mapping of industries are not too
large.

4.3.2 Comparison with the direct decomposition

A useful consistency check is to ask whether the decomposition of cross-country education implied by
the industry neutral model is similar to the decomposition of section 3. Since the direct decomposition
requires complete industry coverage, this comparison can only be implemented for broad industries.

Table 10 compares the two decompositions. For the industry neutral model, the table reports the
average contributions of skill bias (∆αm), skill premiums (∆Wm), and product mix (∆Lm). The within
industry component is given by ∆αm + ∆Wm. As before, average contributions are defined as simple
averages of the country level contributions. For example, the average contribution of skill bias is de-
fined as exp

�
M

−1�∆αm

�
. The fraction of cross-country education gaps due to skill bias is given by�

∆αm/
�

(ln(hUS)− ln(hm)).
Within industry gaps account for 80% to 87% of cross-country gaps. The bulk of these are due

to skill bias differences, not to variation in skill premiums. This result does not change when country
specific Mincer returns are used to estimate skill premiums and labor inputs. For comparison, the direct
decomposition attributes between 67% and 82% of cross-country education gaps to within industry gaps
(see Table 2).11

Figure 5 compares the direct and the industry neutral decompositions. For each country, it shows
the within industry education gaps obtained from both decompositions. The two decompositions are
similar for the majority of countries. I conclude that the industry neutral model offers a useful method
for decomposing cross-country education gaps using detailed industry data.

4.3.3 Results

Table 11 shows the industry neutral decomposition for detailed industry data. The findings are quite
similar to those for broad industries in Table 10. The fractions of cross-country education gaps due to
within industry gaps are very similar. This similarity continues to hold when countries are divided into
groups (as in Table 3). The details are not shown to conserve space.

11
The industry neutral model’s decomposition is close to that of Experiment II developed in section 3.1.1.
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Table 10: Industry neutral decomposition. Broad industries.

Skill cutoff Avg.gap ∆αm ∆Wm ∆Lm ∆αm +∆Wm

Primary 31.90 15.14 1.04 2.32 15.79
( 0.78) ( 0.01) ( 0.24) ( 0.80)

Secondary 17.62 13.50 0.90 1.81 12.21
( 0.91) (-0.03) ( 0.21) ( 0.87)

Tertiary 4.89 3.72 0.99 1.74 3.70
( 0.83) (-0.00) ( 0.35) ( 0.82)

Notes: The table shows the industry neutral decomposition of cross-country education gaps for broad in-
dustries. Each column shows the average of a cross-country education gap. Fractions of average education
gaps are shown in parentheses.

Table 11: Industry neutral decomposition of cross-country education gaps. Detailed industries.

Skill cutoff Avg.gap ∆αm ∆Wm ∆Lm ∆αm +∆Wm

Primary 38.41 17.04 1.04 1.00 17.75
( 0.78) ( 0.01) ( 0.00) ( 0.79)

Secondary 18.21 13.48 0.90 1.00 12.09
( 0.90) (-0.04) ( 0.00) ( 0.86)

Tertiary 4.70 3.22 1.00 1.00 3.22
( 0.76) (-0.00) ( 0.00) ( 0.76)

Notes: The table shows the industry neutral decomposition of cross-country education gaps for detailed
industries. See Table 10 for notes.
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Figure 5: Direct and industry neutral decomposition.
The figure shows the within industry education gaps obtained from the direct decomposition and from
the industry neutral decomposition. Also shown are a 45-degree line (dashed) and an OLS regression line
(solid). Each panel represents one skill definition.
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Table 12: Industry detail and within industry education gaps.

Broad industries Detailed industries
Skill cutoff Avg.gap Within gap Fraction Avg.gap Within gap Fraction
Primary 28.2 14.3 0.80 33.0 15.7 0.79
Secondary 15.9 11.2 0.87 16.1 10.9 0.86
Tertiary 4.6 3.5 0.82 4.4 3.1 0.76

Notes: The table compares the fraction of country education gaps that are due to within industry gaps
for broad and detailed industries. Avg.gap is the cross-country average of ln(hUS) − ln(hm). ”Within
gap” denotes the average within industry gap. ”Fraction” is the average fraction due to within industry
gaps.

In order to show clearly how more industry detail affects the contribution of within industry gaps,
Table 12 compares the industry neutral decompositions for broad and detailed industries. Except for the
”tertiary” skill cutoff, the results are quite close. This suggests that industry specialization within the 15
broad sectors is not an important concern. It is, of course, possible that specialization occurs at an even
finer level of industry detail. However, an earlier version of this paper arrived at similar conclusions using
the 265 industry classification of the year 2000 U.S. sample.

4.4 Time Series Decomposition

This section applies the industry neutral decomposition to the changes in education within countries over
time. The decomposition is analogous to the cross-sectional one. The only difference is that cross-country
differences, such as αUS − αm, are replaced by time series changes, such as α2,m − α1,m.

The model parameters are estimated as follows. For date 2, the cross-sectional estimates are used
(α2,m, w2,H,m/w2,L,m, and βi). I assume that industry skill intensities (βi) and skill premiums are time
invariant. The latter assumption reflects the lack of good time series data for Mincer returns. The values of
α1,m are estimated by minimizing the date 1 deviation between actual and predicted skill bias parameters,�

i
(φ1,m,i − α1,m − βi)

2, where φ1,m,i solves the factor demand equation (10). This is analogous to the
cross-sectional estimation, except that the values of βi are predetermined.

4.4.1 Evaluating the industry neutral model

Before presenting the findings, I examine how well the industry neutral model accounts for the time series
data. Table 13 compares the predicted values of h1,m,i with the observed ones. For each industry and
country, a pseudo R

2 is calculated, analogously to (22) for the cross-section. Table 13 reports the means
of these pseudo R

2 values. Consistent with the cross-sectional results, the model fits the data well, except
for the ”tertiary” skill cutoff.

Table 14 examines how well the industry neutral model accounts for the changes of ht,m,i over time.
For each industry, I regress predicted against observed changes in ht,m,i. The predicted changes are the

same for all industries: α2,m−α1,m

1−ρ
. The table reports the average regression slope and the average pseudo

R
2 for each skill cutoff.
The industry neutral model accounts for more than half of the changes, except for the ”tertiary” skill

cutoff. The average slope coefficients are around 0.65, compared with a model prediction of 1. Attenuation
bias may reduce the slope coefficients.
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Table 13: Fraction of date 1 variation in hm,i accounted for by the industry neutral model.

Broad industries Detailed industries
Skill cutoff R

2
i

R
2
m R

2
i

R
2
m

Primary 0.92 0.82 0.90 0.77
Secondary 0.69 0.80 0.70 0.75
Tertiary 0.27 0.77 0.18 0.68

Notes: The table shows the fraction of variation in h1,m,i across countries and industries accounted for by
the industry neutral model. R2

i
denotes the average pseudo R

2 comparing predicted and observed h1,m,i

within industries, across countries. R2
m is the corresponding R

2 comparing h1,m,i within countries, across
industries.

Table 14: Predicted / actual changes in H/L. Industry neutral.

Skill cutoff Pseudo R
2 Avg.Slope (s.e.)

Primary 0.54 (0.39) 0.71 (0.21)
Secondary 0.33 (0.43) 0.61 (0.21)
Tertiary 0.35 (0.54) 0.65 (0.20)

Notes: The table compares predicted and actual changes in ht,m,i. The predictions are those of the
industry neutral model. The columns report the average pseudo R

2 and the average regression slope.
Standard deviations are shown in parentheses.

4.4.2 Comparison with the direct decomposition

The final consistency check asks whether the industry neutral model decomposition is similar to the direct
decomposition of section 3.2. This comparison can only be implemented for broad industries.

Table 15 compares the average fractions due to within industry changes in education implied by the
two decompositions. For the industry neutral model, within industry changes are given by α2,m−α1,m

1−ρ
.

This contains changes in skill bias and skill premiums.
As in the cross-sectional case, the industry neutral model generally overstates the fraction of education

changes due to within industry changes. The gap is particularly large for the ”tertiary” skill definition,
where the industry neutral model generally does not perform well. However, in contrast to the cross-
sectional case, the industry neutral model also overstates the within industry contributions relative to
Experiment II. This should be kept in mind when interpreting the results for detailed industries.

Table 15: Comparison of industry neutral and direct decomposition. Time series data.

Skill cutoff Ind.neutral Direct N

Primary 0.97 0.91 17
Secondary 1.12 0.97 17
Tertiary 1.06 0.77 17

Notes: The table shows the fraction of ht,m changes due to within industry changes. It compares the
industry neutral model with the direct decomposition. N is the number of countries with data.

25



Table 16: Industry neutral decomposition of time series education changes.

Broad industries Detailed industries
Skill cutoff Avg.gap Within gap Fraction Avg.gap Within gap Fraction
Primary 4.7 4.5 0.97 5.2 5.3 1.01
Secondary 3.9 4.6 1.12 4.2 5.4 1.17
Tertiary 2.4 2.5 1.08 2.8 3.1 1.11

Notes: The table compares the industry neutral decomposition of changes in ht,m for broad and detailed
industries. For notes see Table 12.

4.4.3 Results

Even though the industry neutral model overstates the role of within industry changes, it may be used to
investigate how more detailed industry data affect the results. Table 16 shows the average contributions of
within industry changes for the broad and the detailed industry classifications. The figures are calculated
similarly to the cross-sectional results. The average contribution of within industry changes is given by
M

−1� αm,2−αm,1

1−ρ
. The average total change in education is M−1� (ln(h2,m)− ln(h1,m)).

The finer industry detail increases the role of within industry changes in the time series, but only
slightly. There is no indication that the large within industry changes found throughout this paper are
due to lack of industry detail in the data.

5 Conclusion

This paper shows that at least two-thirds of the variation in education across countries and over time
occurs within industries. At most one-third is due to variation in industry composition. The data are
broadly consistent with a model of industry neutral differences in skilled labor productivity. The role of
within industry variation in education does not diminish when a finer industry classification is used.

These findings are consistent with theories that emphasize skill upgrading within industries, such as
theories of skill-biased technical change (e.g., Acemoglu 2002, 2003). Future research should investigate
why variation in education occurs in an industry neutral manner.
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A Summary Statistics

Table 17 shows summary statistics by country. N is the number of individuals in the sample (in thou-
sands). School denotes average years of schooling. The employment shares by education are measured by
the fraction of persons having partially or fully completed a given level of schooling (primary, secondary,
or tertiary). The detailed industry block shows the number of detailed industries available for each sample
(“N”), the number of industries that can be matched to the common classification (“Matched”), and the
fraction of employment covered by the matched industries (“Empl.frac.”).

Table 18 shows summary statistics for skilled and unskilled labor. The table shows the estimates of
the model variables and parameters for all countries. Each panel represents one skill cutoff, j0. αm is
estimated only for years used in the cross-country analysis. For variable definitions, see the text of the
paper.
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Table 17: Country statistics.

Employment shares Detailed industries
Country Year N School Primary Secondary Tertiary N Matched Empl.frac.
USA 2000 5458.3 13.6 0.04 0.38 0.58 265 54 87.1

1960 562.8 10.5 0.31 0.50 0.20 151 50 92.5
ARG 1991 750.3 8.6 0.54 0.31 0.15 66 59 98.6

1970 148.1 6.6 0.75 0.20 0.04 223 53 81.4
BOL 2001 228.2 8.0 0.55 0.27 0.18 150 55 99.3

1976 124.7 4.0 0.84 0.12 0.03 147 55 95.4
BRA 2000 3092.9 6.8 0.65 0.24 0.10 221 58 92.4

1960 872.2 2.1 0.97 0.02 0.01 137 43 84.2
CAN 2001 322.6 13.4 0.04 0.36 0.59 n/a n/a n/a

1981 174.8 12.0 0.14 0.44 0.41 n/a n/a n/a
CHL 2002 485.0 10.8 0.30 0.43 0.28 62 62 100.0

1970 220.3 6.2 0.73 0.23 0.05 165 54 93.0
CHN 1990 1329.3 6.5 0.58 0.40 0.02 328 48 94.3
COL 1993 737.2 6.1 0.64 0.24 0.11 n/a n/a n/a

1973 397.6 3.8 0.86 0.11 0.03 98 50 81.1
CRI 2000 109.8 7.8 0.63 0.21 0.16 173 53 93.7

1973 48.0 5.2 0.85 0.08 0.06 161 54 95.4
ECU 2001 329.0 7.9 0.58 0.24 0.18 159 58 92.9

1982 151.7 5.7 0.79 0.13 0.08 n/a n/a n/a
ESP 2001 746.3 9.6 0.24 0.58 0.19 60 60 100.0

1981 581.0 5.6 0.64 0.26 0.10 65 50 90.0
GHA 2000 651.9 5.2 0.63 0.32 0.05 64 56 99.7
GRC 2001 366.2 10.8 0.29 0.40 0.31 224 58 92.8

1981 315.1 7.7 0.64 0.25 0.11 240 55 96.4
IND 1999 76.3 4.9 0.61 0.30 0.09 159 61 98.2

1983 197.0 3.0 0.80 0.17 0.03 419 58 45.4
ITA 2001 991.1 10.0 0.12 0.75 0.13 n/a n/a n/a
JOR 2004 103.0 10.8 0.16 0.50 0.34 158 51 98.8
KHM 1998 308.9 5.4 0.48 0.52 0.01 159 58 98.1
MEX 2000 2881.9 8.2 0.48 0.38 0.14 117 48 85.9

1960 79.2 3.7 0.90 0.07 0.02 132 47 91.5
MYS 2000 143.6 8.1 0.30 0.59 0.12 156 61 99.6

1970 49.2 4.1 0.82 0.17 0.01 223 53 96.9
PAN 2000 86.6 9.2 0.47 0.32 0.21 162 60 99.9

1970 44.4 5.6 0.79 0.16 0.06 71 47 93.3
PHL 1995 2021.6 9.6 0.40 0.32 0.28 39 30 96.4
PRT 2001 215.9 7.6 0.72 0.14 0.13 228 57 93.9

1981 160.8 5.3 0.81 0.11 0.07 81 48 89.9
ROM 2002 755.0 10.8 0.08 0.75 0.17 61 61 100.0

1992 926.9 9.8 0.14 0.75 0.11 100 56 97.3
RWA 2002 300.5 3.1 0.95 0.04 0.01 84 43 99.6
UGA 2002 672.0 5.0 0.79 0.20 0.01 n/a n/a n/a
VEN 1990 399.9 7.1 0.51 0.42 0.07 79 51 94.8
VNM 1999 1068.5 6.9 0.72 0.25 0.03 159 58 97.4
ZAF 2001 698.7 9.0 0.37 0.57 0.06 197 57 91.6
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Table 18: Summary statistics by skill cutoff.

Primary skill definition Secondary skill definition Tertiary skill definition
Country Year Hm/Lm αm Hm/Lm αm Hm/Lm αm

USA 2000 100.0 0.000 100.0 0.000 100.0 0.000
1960 8.4 – 9.8 – 32.6 –

ARG 1991 1.5 -2.696 2.7 -2.662 28.2 -0.852
1970 0.7 – 0.9 – 12.9 –

BOL 2001 1.8 -2.263 7.1 -1.553 22.3 -0.845
1976 0.4 – 1.4 – 7.5 –

BRA 2000 0.8 -3.288 6.2 -1.986 34.8 -0.765
1960 0.1 – 0.6 – 6.3 –

CAN 2001 111.7 0.079 34.7 -0.725 87.1 -0.081
1981 37.3 – 13.9 – 44.7 –

CHL 2002 6.7 -1.637 10.1 -1.462 24.8 -0.930
1970 0.8 – 2.0 – 10.5 –

CHN 1990 2.2 -1.612 1.9 -2.202 2.6 -2.482
COL 1993 1.3 -2.616 4.2 -2.166 4.5 -2.082

1973 0.4 – 1.2 – 10.9 –
CRI 2000 2.7 -2.237 5.2 -2.055 42.2 -0.546

1973 0.6 – 1.2 – 22.1 –
ECU 2001 2.0 -2.311 6.1 -1.786 30.2 -0.456

1982 0.9 – 2.4 – 16.2 –
ESP 2001 18.0 -1.101 9.4 -1.772 34.7 -0.723

1981 1.9 – 3.4 – 18.7 –
GHA 2000 0.9 -2.672 1.9 -2.446 4.8 -1.540
GRC 2001 29.2 -0.307 19.9 -0.935 82.4 0.020

1981 3.6 – 5.4 – 43.8 –
IND 1999 0.9 -2.510 4.3 -1.700 23.3 -0.428

1983 0.4 – 2.3 – 18.8 –
ITA 2001 96.2 0.140 12.7 -1.595 37.3 -0.768
JOR 2004 15.3 -1.286 16.8 -1.353 75.2 -0.236
KHM 1998 0.6 -2.499 2.9 -2.094 2.2 -2.434
MEX 2000 2.5 -2.231 4.9 -2.151 43.2 -0.459

1960 0.3 – 0.7 – 6.8 –
MYS 2000 1.9 -2.657 11.5 -1.493 39.6 -0.584

1970 0.5 – 1.5 – 4.4 –
PAN 2000 4.0 -1.766 8.7 -1.579 42.7 -0.481

1970 0.7 – 2.2 – 15.2 –
PHL 1995 2.7 -1.639 14.0 -0.841 59.5 0.096
PRT 2001 1.0 -3.181 5.8 -2.237 57.5 -0.479

1981 0.2 – 2.0 – 20.8 –
ROM 2002 80.4 0.961 33.5 -0.488 39.8 -0.334

1992 60.9 – 20.5 – 26.5 –
RWA 2002 0.2 -3.289 0.2 -4.209 1.4 -2.906
UGA 2002 0.5 -2.758 1.2 -2.572 4.8 -1.496
VEN 1990 1.8 -2.692 4.4 -2.384 14.5 -1.337
VNM 1999 1.0 -2.168 2.0 -2.036 8.2 -1.154
ZAF 2001 2.9 -2.174 8.1 -1.713 22.1 -1.065
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