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Abstract

This paper presents a new framework for human capital measurement. The
generalized framework can substantially amplify the role of human capital in
accounting for cross-country income differences. One natural interpretation
emphasizes differences across economies in the acquisition of advanced knowledge
by skilled workers.
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1 Introduction

This paper considers the measurement of human capital. A generalized framework for
human capital accounting is developed in which workers provide differentiated services.
Under this framework, human capital variation can play a much bigger role in explaining
cross-country income differences than traditional accounting suggests.

To situate this paper, first consider the literature’s standard methods and results, which
rely on assumptions about (1) the aggregate production function, mapping capital inputs
into output, and (2) the measurement of capital inputs. The traditional production function
is Cobb-Douglas. In a seminal paper, Mankiw et al. (1992) used average schooling duration
to measure human capital and showed its strong correlation with per-capita output (see
Figure 1). Overall, Mankiw et al.’s regression analysis found that physical and human
capital variation predicted 80% of the income variation across countries.

The interpretation of these regressions is not obvious however, given endogeneity con-
cerns (Klenow and Rodriguez-Clare 1997). To avoid regression’s inference challenges, more
recent research has emphasized accounting approaches, decomposing output directly into
its constituent inputs (see, e.g., the review by Caselli 2005). A key innovation also came
in measuring human capital stocks, where an economy’s workers were translated into "un-
skilled worker equivalents", summing up the country’s labor supply with workers weighted
by their wages relative to the unskilled (Hall and Jones 1999, Klenow and Rodriguez-Clare
1997). This method harnesses the standard competitive market assumption where wages
represent marginal products and uses wage returns to inform the productivity gains from
human capital investments. With this approach, the variation in human capital across
countries appears modest, so that physical and human capital now predict only 30% of the
income variation across countries (see, e.g., Caselli 2005) — a quite different conclusion than
regression suggested.

This paper reconsiders human capital measurement while maintaining neoclassical as-
sumptions. The analysis continues to use neoclassical mappings between inputs and outputs
and continues to assume that inputs are paid their marginal products. The main difference
comes through generalizing the human capital aggregator, allowing workers to provide dif-

ferentiated services.



The primary results and their intuition can be introduced briefly as follows. Write a
general human capital aggregator as H = G(Hy, Ha, ... Hy), where the arguments are the
human capital services provided by various subgroups of workers. Denote the standard
human capital calculation of unskilled worker equivalents as H. The first result of the
paper shows that any human capital aggregator that meets basic neoclassical assumptions

can be written in a general manner as (Lemma 1)

H = Gi(Hy,H,,...Hy)H

where G is the marginal increase in total (i.e. collective) human capital services from an
additional unit of unskilled human capital services. This result is simple, general, and
intuitive. It says that, once we have used relative wages in an economy to convert workers
into equivalent units of unskilled labor (f[ ), we must still consider how the productivity of
an unskilled worker depends on the skills of other workers, an effect encapsulated by the
term G.

This result clarifies the potential limitations of standard human capital accounting, which
focuses on variation in H across countries. Because the variation in H is modest in practice,
human capital appears to explain very little.! In revisiting that conclusion, one possibility
is that GGy varies substantially across countries. Traditional human capital accounting
assumes that G; is constant, so that unskilled workers’ output is a perfect substitute for
other workers’ outputs. However, this assumption rules out two kinds of effects. First,
it rules out the possibility that the marginal product of unskilled workers might be higher
when they are scarce (G11 < 0). Second, it rules out that possibility that the marginal
product of unskilled workers might be higher through complementarities with skilled workers
(G jA1 > 0).2 In practice, because rich countries are relatively abundant in skilled labor, G
will tend to be higher in rich than poor countries, amplifying human capital differences. This
reasoning establishes natural conditions under which traditional human capital accounting

is downward biased, providing only a lower bound on actual human capital differences across

IFor example, comparing the 90th and 10th percentile countries by per-capita income, the ratio of per-
capita income is 20 while the ratio of unskilled worker equivalents is only 2 (see, e.g., the review of Caselli
2005).

2For example, hospital orderlies might have higher real wages when scarce and when working with
doctors. Farmhands may have higher real wages when scarce and when directed by experts on fertizilation,
crop rotation, seed choice, irrigation, and market timing. Such scarcity and complementarity effects are
natural features of neoclassical production theory. They are also found empirically in analyses of the wage
structure within countries (see, e.g., the review by Katz and Autor 1999).



countries. This theoretical insight, which draws on general neoclassical assumptions and
comes prior to any considerations of data, is a primary result of this paper.

To estimate human capital stocks while incorporating these effects, this paper further in-
troduces a “Generalized Division of Labor” (GDL) human capital aggregator, which features

a constant-returns-to-scale aggregation of skilled labor types
Z(Hy, Hs..., Hy)

that combines with unskilled labor services with constant elasticity of substitution, e. This
approach has several useful properties. First, the GDL human capital stock can be cal-
culated without specifying Z(+), so that the human capital stock calculation is robust to a
wide variety of sub-aggregations of skilled workers. Second, GDL aggregation encompasses
traditional human capital accounting as a special case. Third, the human capital stock
calculation becomes log-linear in unskilled labor services and unskilled labor equivalents,
making it also amenable to linear regression approaches.

Using this aggregator, accounting estimates show that physical and human capital varia-
tion can fully explain the wealth and poverty of nations when € ~ 1.6. Meanwhile, regression
estimates suggest values for € in a similar range. The capacity for human capital to play a
central role in explaining the wealth of poverty of nations appears robustly across various
definitions of "skilled" and "unskilled" in the estimation exercises. Moreover, while these
calculations are made across countries, existing micro-estimates within countries for related
sub-classes of human capital aggregators appear broadly consistent with values of € in this
range (e.g., Katz and Autor 1999, Ciccone and Peri 2005, Caselli and Coleman 2006).

The paper closes by considering interpretations. First, the paper considers the "division
of labor hypothesis" as a means to explain large human capital differences across countries.
While the traditional, perfect-substitutes accounting framework rules out this classic idea
about productivity (Smith 1776, Bacon 1620), I discuss how the division of labor provides a
natural and empirically relevant candidate explanation for human capital stock differences
across countries that is also consistent with skill-biased technical change. Second, the
paper considers the meaning of an expanded role for human capital that can more or less
eliminate total factor productivity residuals in explaining economic prosperity. Eliminating

such residuals can be construed as a central goal of macroeconomic research. At the same



time, because residual productivity differences are often interpreted as variation in "ideas"
or "institutions", an elevated role for human capital explanation might be interpreted as
limiting these other stories. I will argue, to the contrary, that the embodiment of ideas
(facts, theories, methods) into people is a good description of what human capital actually is.
Further, this process of human capital investment can be critically influenced by institutions.
In this interpretation, the contribution of this paper is not in reducing the roles of ideas or
institutions, but in showing how the role of human capital can be substantially amplified,
making it a central piece in understanding productivity differences.

Section 2 of this paper develops the generalized framework for calculating human cap-
ital stocks. Section 3 considers empirical estimates using both accounting and regression
approaches. Section 4 summarizes the results and provides further interpretation. Online
Appendices I and II provide numerous supporting analyses as referenced in the text.

Related Literature In addition to the literature discussed above, this paper is most
closely related to Caselli and Coleman (2006) and Jones (2010). Caselli and Coleman sepa-
rately estimate residual productivities for high and low skilled workers across countries when
allowing for imperfect substitutability between two worker classes. Their estimates continue
to use perfect-substitute based reasoning in interpreting a small role for human capital.
Jones (2010) provides a model to understand endogenous differences across countries in the
quality and quantity of skilled workers and shows that human capital differences expand.

These papers will be further discussed below.

2 A Generalized Human Capital Stock

Standard neoclassical accounting couples assumptions about aggregation with the assump-
tion that factors are paid their marginal products. Following standard practice, define Y
as value-added output (GDP), K as a physical capital input, and H; = h;L; as a human
capital input, where workers of mass L; provide service flow h;. The following assumptions

will be maintained throughout the paper.
Assumption 1 (Aggregation) Let there be an aggregate production function
Y = F(K, H, A) (1)

where H = G(Hy, Ha, .., Hy) is aggregate human capital, K = Q(K1, Ka, .., Kp) is aggre-



gate physical capital and A is a scalar. Let all aggregators be constant returns to scale in

their capital inputs and twice-differentiable, increasing, and concave in each input.

Assumption 2 (Marginal Products) Let factors be paid their marginal products.  The
marginal product of a capital input X; is

o _
ox;

where p; is the price of capital input X; and the aggregate price index is taken as numeraire.

The objective of accounting is to compare two economies and assess the relative roles of

variation in K, H, and A in explaining variation in Y.
2.1 Human Capital Measurement: Challenges

The basic challenge in accounting for human capital is as follows. From a production point
of view, we would like to measure a type of human capital as an amount of labor, L; (e.g.,
the quantity of college-educated workers), weighted by the flow of services, h;, such labor
provides, so that H; = h;L;. The challenge of human capital accounting is that, while we
may observe the quantity of each labor type, {L1, Lo, ..., Ly}, we do not easily observe their
service flows, {h1, ha,...,An}.

The value of the marginal products assumption, Assumption 2, is that we might infer
these qualities from something else we observe - namely, the wage vector, {wy,wa, ..., wn}.
The marginal products assumption implies

oF

7 Gili 2
55 Ol (2)

w; =

where w; is the wage of labor type i.3 It is apparent that the wage alone does not tell us
the labor quality, h;, but rather also depends on (9F/9H) G, which is the price of H;.*

To proceed, one may write the wage ratio

wi _ Gihi (3)
w; Gj hj
3Recall that the wage is the marginal product of labor, not of human capital; i.e. w; = oY This

oL;"

calculation assumes that we have defined the workers of type i to provide identical labor services, hll More
generally, the same expression will follow if we consider workers of type i to encompass various subclasses
of workers with different capacities. In that case, the interpretation is that w; is the mean wage of these
workers and h; is the mean flow of services (H;/L;) from these workers.

4Other challenges to human capital accounting may emerge if wages do not in fact represent marginal
products, which can occur in the presence of market power or through measurement issues; for example,
if non-labor activities like training occur over the measured wage interval (see, e.g., Bowlus and Robinson
2011).



which, together with the constant-returns-to-scale property (Assumption 1), allows us to
write the human capital aggregate as

wa Gl wWN Gl N) (4)

H=mnG|(L,——Ls,....,——1L
1 <l7w1G2 25 7’lU1 GN

Thus, if wages and labor allocations are observed, one could infer the human capital in-
puts save for two challenges. First, we do not observe the ratios of marginal products,
{G1/Ga,...,G1/GN}. Second, we do not know hi. To make further progress, additional
assumptions are needed. The following analysis first considers the particular assumptions
that development accounting makes (often implicitly) to solve these measurement chal-
lenges. The analysis will then show how to relax those additional assumptions, providing

a generalized approach to human capital accounting that leads to different conclusions.
2.2 Traditional Development Accounting

In development accounting, the goal is to compare different countries at a point in time
and decompose the sources of income differences into physical capital, human capital, and
any residual, total factor productivity. The literature (e.g., see the reviews of Caselli 2005
and Hsieh and Klenow 2010) focuses on Cobb-Douglas aggregation, ¥ = K*(AH e
where « is the physical capital share of income, K is a scalar aggregate capital stock, and
H = G(H,,Hs, ..., Hy) is a scalar human capital aggregate.

In practice, the labor types i = 1, ..., N are grouped according to educational duration in
development accounting, with possible additional classifications based on work experience
or other worker characteristics. Human capital is then traditionally calculated based on

unskilled labor equivalents.

Definition 1 Define unskilled labor equivalents as L= Zfil %Li, where labor class i =1

represents the uneducated.

This calculation translates each worker type into an equivalent mass of unskilled work-
ers, weighting each type by their relative wages. This construct is often referred to as an
"efficiency units" or "macro-Mincer" measure, the latter acknowledging that relative wage
structures within countries empirically follow a Mincerian log-linear relationship.

Calculations of human capital stocks based exclusively on unskilled labor equivalents

can be justified as follows.



Assumption 3 Let the human capital aggregator be H= vazl hiL;.

Note that this aggregator assumes an infinite elasticity of substitution between human
capital types. This perfect substitutes assumption implies that G; = G; for any two types

of human capital. It then follows directly that the human capital aggregate can be written
H=hyL4

Thus, as a matter of measurement, the perfect substitutes assumption solves the problem
that we do not observe the marginal product ratios {G1/Ga,...,G1/GnN} in the generic
aggregator (4) by assuming each ratio is 1.

To solve the additional problem that we do not know h;, one must then make some
assumption about how the quality of such uneducated workers varies across countries. Let
the two countries we wish to compare be denoted by the superscripts R (for "rich") and P

(for "poor"). Omne common way to proceed is as follows.
Assumption 4 Let hit = b,

This assumption may seem plausible to the extent that the unskilled, who have no
education, have the same innate skill in all countries. Under Assumptions 3 and 4, we have
AP ir
providing one solution to the human capital measurement challenge and allowing com-
parisons of human capital across countries based on observable wage and labor allocation

vectors.

2.3 Relaxing the Perfect Substitutes Assumption

To see the implications of Assumption 3 for the conclusions of development accounting, we

now return to a generic human capital aggregator H = G(H1, Ha, ..., Hy).

Lemma 1 Under Assumptions 1 and 2, any human capital aggregator can be written H =

Gi(Hy, Hy,..., Hy)H.

All proofs are presented in the appendix.



This result gives us a general, simple statement about the relationship between a broad
class of possible human capital aggregators and the "efficiency units" aggregator typically

used in the literature. By writing this result as
N
H=Gy xh xY —L;
1 1 l_zl wy i

we see that human capital can be assessed through three essential objects. First, there
is an aggregation across labor types weighted by their relative wages, Zil %Li, which
translates different types of labor into a common type - equivalent units of unskilled labor.
Second, there is the quality of the unskilled labor itself, h;. Third, there is the marginal
product of unskilled labor services, G;. The last object, G1, may be thought of generically
as capturing effects related to the division of labor, where different worker classes produces
different services. It incorporates the scarcity of unskilled labor services and complementar-
ities between unskilled and skilled labor services, effects that are eliminated by assumption
in the perfect substitutes framework. Therefore, the traditional human capital aggregator

H is not in general equivalent to the human capital stock H, and the importance of this

discrepancy will depend on the extent to which G varies across economies.

Definition 2 Define A = (%) as the ratio of true human capital differences to the

traditional calculation of human capital differences.”

It follows immediately from Lemma 1 (i.e. only on the basis of Assumptions 1 and 2)
that
A=GY/GY

indicating the bias induced by the efficiency units approach.

This bias may be substantial. Moreover, there is reason to think that A > 1; i.e., that
the perfect-substitutes assumption will lead to a systematic understatement of true human
capital differences. To see this, note that G is likely to be substantially larger in a rich
country than a poor country, for two reasons. First, rich countries have substantially fewer
unskilled workers, a scarcity that will tend to drive up the marginal product of unskilled

human capital (G711 < 0). Second, rich countries have substantially more highly educated

5Note that, for any production function Y = F(K, AH), the term AH is constant given Y and K.
Therefore we equivalently have A = (AR/AP)/(AR/AT), which is the extent total factor productivity
differences are overstated across countries.



workers, which will tend to increase the productivity of the unskilled workers to the extent
that highly skilled workers have some complementarity with low skilled workers (G121 > 0).

It will follow under fairly mild conditions that A > 1. One set of conditions is as follows.

Lemma 2 Consider the class of human capital aggregators H = G(Hy, Z(Ha, ..., Hy)) with
finite and strictly positive labor services, Hy and Z. Under Assumptions 1 and 2, A > 1 iff
ZR/HE > 7P /HP.

Thus, under fairly broad conditions, traditional human capital estimation provides only
a lower bound on human capital differences across economies. This result, which draws on
general neoclassical assumptions and comes prior to any considerations of data, is a primary

result of this paper.
2.3.1 A Generalized Estimation Strategy

In practice, the extent to which human capital differences may be understated depends on
the human capital aggregator employed as an alternative to the efficiency units specifica-
tion. Here we develop an alternative that (i) can be easily estimated and (ii) nests many

approaches, as follows.

Lemma 3 Consider the class of human capital aggregators H = G(Hy,Z(Ha,...,Hy)).
If such an aggregator can be inverted to write Z(Ha, ..., Hy) = P(H, Hy), then the human
capital stock can be estimated solely from information about Hy, I—:T, and production function

parameters.

This result suggests that there may be a broad class of aggregators that are relatively
easy to estimate, with the property that the aggregation of skilled labor, Z(Hs, Hs..., Hy),
need not be measured directly. Moreover, any aggregator that meets the conditions of this
Lemma also meets the conditions of Lemma 2. Therefore, in comparison to traditional
human capital accounting, any such aggregator allows only greater human capital variation
across countries.

A flexible aggregator that satisfies the above conditions is as follows.

Definition 3 Define the "Generalized Division of Labor" (GDL) aggregator as

e
e—=1]e-1

e—1
H= [Hlf + Z(Hy, Hy..., Hy) = (5)

10



where ¢ € [0,00) is the elasticity of substitution between unskilled human capital, Hy, and

an aggregation of all other human capital types, Z(Hsy, Hs..., Hy).

This aggregator encompasses, as special cases: (i) the traditional efficiency-units aggre-

e—1

gator H = Zf\il H;, (ii) CES specifications, H, = (Zf\il H;, = )a, and (iii) the Jones

(2010) and Caselli and Coleman (2006) specifications, which assume an efficiency units
aggregation for higher skill classes, Z = sz\;z H;. More generally, the GDL aggregator
encompasses any constant-returns-to-scale aggregation Z(Hs, Hs..., Hy). It incorporates
conceptually many possible types of labor division and interactions among skilled workers.

By Lemma 3, the aggregator (5) has the remarkably useful property that human capital

stocks can be estimated - identically - without specifying the form of Z(Hs, Hs..., Hy).

Corollary 1 Under Assumptions 1 and 2, any human capital aggregator of the form (5) is

e

1
equivalently H = H! " *H&=71.

Therefore, the calculated human capital stock will be the same regardless of the un-
derlying structure of Z(Hs, Hs...,Hy). By meeting the conditions of Lemma 3, we do
not need to know the potentially very complicated and difficult to estimate form that this

skilled aggregator may take. Related, the understatement of human capital differences across

PRyir\ =
Agpr = (%) (6)

countries is

which can be estimated regardless of Z(Ha, Hs..., Hy).® The findings of the traditional

" This gen-

perfect substitutes approach are equivalent to the special case where ¢ — oco.
eralized division of labor approach will be examined empirically in Section 3. We will see
that, under reasonable parameterizations, it allows human capital to replace total factor

productivity residuals in explaining cross-country income variation.

1
6 . I;TR/HF e—1
From the corollary and the definition of A, we have Agpr = Vi . The term
1

(ﬁR/Hf%> / (I:IP/H{P> is equivalent to the easily measured (i?/f]f) / (LE/LT), because the hf and

hf terms cancel . Therefore, Agpy, is invariant to assumptions made regarding hf and hf, and, in partic-
ular, Assumption 4 is not relevant to this calculation.

"Equation (6) also implies that Assumption 3 is a strong version of the traditional accounting framework,
which is more generally equivalent to any aggregator written as H = Hy + Z(Hz, H3,...,Hy). In other
words, the traditional calculation is correct should unskilled worker services be perfect substitutes for all
other worker services.

11



2.4 Relaxing the Identical Unskilled Assumption

In comparing human capital across economies, analyses must also specify the relationship
between hf and h¥.  The often implicit assumption is that hf = A (Assumption 4),
i.e. that the unskilled have the same innate skill in different economies. Alternatively,
one might imagine that children in a rich country have initial advantages (including better
nutrition and/or other investments prior to starting school) that make A > A% On the
other hand, one might be concerned about differences in selection, where those with little
schooling are a relatively small part of the population in rich countries. Especially in the
presence of compulsory schooling programs, those with little education in rich countries
might select on relatively low innate ability, in which case we might imagine A% < h¥. This

section considers how to relax Assumption 4 and let data determine h%/hT.
2.4.1 Identifying hi*/n?

The basic challenge that motivated Assumption 4 is that we do not directly observe hf?
or ht’. However, building from the insights of Hendricks (2002), one can make potential
headway by noting that immigration allows us to observe unskilled workers from both a rich
and poor country in the same economy. Examining immigrants and native-born workers in
the rich economy, one may observe the wage ratio
wft _ (OFRJOHM)GRRE  hf -
Wl (9FRJOHR)GERFE  pRIF

where wf‘P and hf’lp are the wage and skill of immigrants with little education working in

the rich country. In other words, immigration allows us to observe workers from different
places in the same economy, thus allowing us to eliminate considerations of variation in
(0F/O0H)G; across countries in trying to infer variation in hy.

If we proceed under the assumption that the unskilled immigrants are a representative

R|P

sample of the unskilled in the poor country, then h;""" = h¥. Therefore hi*/hf = w{%/wﬁlp

)
and we can calculate the corrected human capital ratio as

G uft Lf
HP =GP BP EE

Of course, one may imagine that unskilled immigrants might not be representative of the

source country’s unskilled population. Note that, if immigration selects on higher ability

8For example, Manuelli and Sheshadri (2005) makes such arguments.
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among the unskilled in the source country, then h?lp > h¥ and the correction wit/w

R|P
1

would then be conservative, providing a lower bound on human capital difference across
countries. Hendricks (2002) and Clemens (2011) review the extant literature and conclude
that immigrant selection appears too mild to meaningfully affect human capital accounting.
The Data Appendix further reviews this literature. In the Data Appendix, I also analyze
state-of-the art microdata on Mexican immigration to the United States (Fernandez-Huertas

Moraga 2011; Kaestner and Malamud, forthcoming) and confirm modest if any selection

from the source population when looking at those with minimal education.’

3 Empirical Estimation

Given the generalized theoretical results, we reconsider human capital’s role in explaining
cross-country income variation. We first consider direct accounting and then consider
regression evidence. The analysis uses the flexible, generalized division of labor aggregator

(5) and emphasizes comparison with the traditional special case.
3.1 Data and Basic Measures

To facilitate comparison with the existing literature, we use the same data sets and account-
ing methods in the review of Caselli (2005). Therefore any differences between the following
analysis and the traditional conclusions are driven only by human capital aggregation. Data
on income per worker and investment are taken from the Penn World Tables v6.1 (Heston et
al. 2002) and data on educational attainment is taken from Barro-Lee (2001). The physical
capital stock is calculated using the perpetual inventory method following Caselli (2005),
and unskilled labor equivalents are calculated using data on the wage return to schooling.
In the main analysis, unskilled workers are defined as those with primary or less education.
These data methods are further described in the appendix.

Again following the standard literature, we will use Cobb-Douglas aggregation, ¥ =
K%(AH)'~* and take the capital share as o = 1/3. Writing Yy = K*H'~% to account

for the component of income explained by measurable factor inputs, Caselli (2005) defines

9See also Jones (2010) for theoretical and empirical analysis of immigrant outcomes among higher skill
classes.
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the success of a factors-only explanation as

R P
_ Yiu/Yiu
success = — 5

YR/Y
where R is a "rich" country and P is a "poor" country. We will denote the success measure

for traditional accounting, based on H, as successr.
3.2 Accounting Evidence

Table 1 summarizes some basic data. Comparing the richest and poorest countries in the
data (the USA and Congo-Kinshasa), the observed ratio of income per-worker is 91. The
capital ratio is larger, at 185, but the ratio of unskilled labor equivalents, the traditional
measure of human capital differences, appears far more modest, at 1.7. Comparing the 85th
to 15th percentile (Israel and Kenya) or the 75th to 25th percentile (S. Korea and India),
we again see that the ratio of income and physical capital stocks is much greater than the
ratio of unskilled labor equivalents.

Using unskilled labor equivalents to measure human capital stock variation, it follows
that successy = 45% comparing Korea and India, successr = 25% comparing Israel and
Kenya, and successt = 9% when comparing the USA to the Congo. These calculations sug-
gest that large residual productivity variation is needed to explain the wealth and poverty of
nations. These findings rely on unskilled labor equivalents, f)f"/ / Ef , to measure human cap-
ital stock variation. Because unskilled labor equivalents vary little, human capital appears

to add little to explaining productivity differences.!®

3.2.1 Relaxing the Perfect-Substitutes Assumption

The relationship between the traditional success measure and the success measure for a

general human capital aggregator is
success = A1 ™% x successy

which follows from Lemma 1 and the definition of A.
One can implement a generalized accounting using the GDL aggregator. From (6)
and the data in Table 1, it is clear that Agpr can be large. While the variation in

unskilled labor equivalents, L/LY, is modest, the human capital variation that corrects

0Figure A1 shows successp when comparing all income percentiles from 70/30 (Malaysia/Honduras) to
99/1 (USA-Congo). The average measure of successt is 31% over this sample.
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for differentiated labor expands according to two objects. One is the relative scarcity of
unskilled labor services, L¥/LY. The second is the degree of complementarity between
skilled and unskilled labor services, as defined by e.

The literature on the elasticity of substitution between skilled and unskilled labor within
countries suggests that € € [1,2], with standard estimates of £ ~ 1.5.!! Table 2 (Panel A)
reports the results of development accounting over this range of ¢, focusing on the Israel-
Kenya example. The first row presents the human capital differences, H*/H? | the second
row presents the ratio of these differences to the traditional calculation, Agpy,, and the third
row presents the resulting success measure for capital inputs in explaining cross-country
income differences. As shown in the table, factor-based explanations for income differences
are substantially amplified by allowing for labor division. ~As complementarities across
workers increase, the need for TFP residuals decline. For the Israel-Kenya example, the
need for residual TFP differences is eliminated at ¢ = 1.54, where human capital differences
are HE/H? =10.5.

One can also consider a broader set of rich-poor comparisons; for example, all coun-
try comparisons from the 70/30 income percentile (Malaysia/Honduras) up to the 99/1
percentile (USA/Congo).!'? Calculating the elasticity of substitution, €, at which capital
inputs fully explain income differences, shows that the mean value is € = 1.55 in this sample
with a standard deviation of 0.34. Notably, the estimated values of € typically fall in the

same interval as the micro-literature suggests.
3.2.2 Relaxing the Identical Unskilled Assumption

Table 2 (Panel B) further relaxes Assumption 4, allowing h¥/hf to be determined from
immigration data. Examining immigrants to the U.S. using the year 2000 U.S. Census, the
mean wages of employed unskilled workers varies modestly based on the source country (see

Figure A2). While the data are noisy, one may infer that mean wages are about 17% lower

11Gee, e.g. reviews in Katz and Autor (1999) and Ciccone and Peri (2005). Most estimates come from
regression analyses that may be biased due to the endogeneity of labor supply. Ciccone and Peri (2005)
use compulsory schooling laws as a source of plausibly exogenous variation in schooling across U.S. states
and conclude that € &~ 1.5. All these estimates consider the elasticity of substitution between high-school
and college-educated workers, and they may not extend to primary vs non-primary educated workers. The
regression analysis below, however, also suggests € in this range. Online Appendix I provides extensive
further analysis using different thresholds between high skill and low skill workers. Those results are
summarized below in Section 3.4.

12The Malaysia/Honduras income ratio is 3.8. As income ratios (and capital measures) converge towards
1, estimates of € become noisier.
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for uneducated workers born in the U.S. compared to immigrants from the very poorest
countries, which suggests hf*/h! ~ .83 (see Appendix for details).!?

Such an adjustment lowers the explanatory power of human capital in explaining cross-
country variation. The adjustment seems large - it cuts human capital differences by
17%. However, in practice, relaxing Assumption 4 has modest effects compared to relaxing
Assumption 3, as seen in Table 2. Now residual TFP differences are eliminated when
e = 1.50 for the Israel-Kenya comparison. Across the broader set of rich-poor examples,
additionally relaxing Assumption 4 leads to a mean value of ¢ = 1.58, with a standard
deviation of 0.37.

The human capital stock estimations are summarized for the broader sample in Figure
2. The ratio of human stocks for each pair of countries from the 70/30 income percentile
to the 99/1 income percentile is presented. Panel A considers the generalized framework,
with ¢ = 1.6. Panel B considers traditional human capital accounting. We see that, as
reflected in Table 1, traditional human capital accounting admits very little human capital
variation. It appears orders of magnitude less than the variation in physical capital or
income. With the generalized framework, human capital differences substantially expand,

admitting variation similar in scale to the variation in income and physical capital.

3.3 Regression Evidence

Regression analysis in the development accounting context has been the source of debate.
While Mankiw, Romer, and Weil (1992) find a large R? and theoretically credible relation-
ships between capital aggregates and output, Klenow and Rodriguez-Clare (1997) point out
the omitted variable hazards in interpreting such regressions. In practice, because average
schooling is highly correlated with income per-capita, regressions of income on schooling
variables will tend to show highly significant positive relationships and large R%2. While

this correlation might be causative, it may well not be, and caution is needed.'*

13 This micro-data finding stands in contrast to the cross-country analysis of Manuelli and Seshadri (2005),
which relies on h{{ >> hf. Manuelli and Seshadri (2005) can be understood as relaxing Assumption 4 but
not relaxing Assumption 3, which means that one will require h{% >> hf to increase the explanatory power
of human capital in a cross-country setting. The immigrant wage data is inconsistent with h{% >> hf
unless one assumes that uneducated immigrants to the U.S. select on extremely high ability compared to
the non-immigrating population. As dicussed in the Data Appendix, there is little evidence to suggest such
selection. More generally, Table 2 suggests that much more action comes from relaxing Assumption 3.

14 An additional challenge for the original Mankiw, Romer, and Weil (1992) approach is the linear use of
schooling duration for the human capital aggregator, i.e. H = Efvzl s;L;, where s; is the number of years
of school. This approach is an efficiency units aggregator (Assumption 3) combined with an additional
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Given these concerns, the more telling aspect of regression analysis may come less from
high R? and more from the implied production function parameters. In particular, while
still subject to identification concerns, it is informative to see what regression estimates of
production function parameters imply for the accounting. Moreover, to the extent possible,
we can see whether parameter estimates are consistent with extant micro-evidence.

Regression can proceed in a straightforward manner using the generalized human cap-
ital aggregator. Continuing with the standard Cobb-Douglas production function, ¥ =
K“(AH)'=%, define income net of physical capital’s contribution as log Yy = logY —alog K.
The GDL aggregator implies log Y = (1 — a)[log A + i log Hy + = log H]. A regression
can then estimate

log V¢ = B + 3, log HS + By log H® + u® (8)
where ¢ indexes countries. The values of ¢ are then implied by the coefficient estimates.'®
3.3.1 Relaxing the Efficiency Units Assumption

Table 3 presents the regression results. Columns (1)-(3) examine (8) while maintaining
Assumption 4. Column (1) shows that the explanatory power of log H is substantial. The
coefficient implies e = 1.34, with a 95% confidence interval of [1.28,1.34]. Column (2)
considers the explanatory power of log Hy, which is also substantial. The coefficient implies
e = 1.70, with a 95% confidence interval of [1.50,2.17]. Considering log H and log H,
together, in column (3), the estimates of € rise somewhat and become noisier, likely due to
their colinearity. Notably, to the extent that regression can guide appropriate choices of
parameter values, these regression estimates center on values of € that are consistent with

very large amplifications of human capital and values of success.
3.3.2 Relaxing the Identical Unskilled Assumption

Table 3 columns (4)-(6) further examine (8) while additionally relaxing Assumption 4. Im-
migrant wage outcomes are used to estimate variation in h{ from the U.S. 2000 census, and

the measures for log H¢ and log H ¢ are then adjusted accordingly. (The methodology is

assumption equating skill to years in school, i.e. h; = s;. However, this combination is inconsistent with
the wage evidence. Under Assumption 3, the relative skill h;/h; is linear in the relative wage, w;/wj,
which is log-linear in schooling duration, not linear. Thus the assumption that h; = s; does not appear
supportable with a neoclassical aggregator.

15Regression estimates that attempt to account for both physical and human capital simultaneously
are much noisier, presumably due to the high correlation between these capital stocks and consequent
multicollinearity.
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further detailed in the Appendix.) In column (4) the coefficient on log H¢ now implies
e = 1.64, with a 95% confidence interval of [1.50,1.87]. In column (5) the coefficient on
log Hy implies e = 1.88, with a 95% confidence interval of [1.64,2.38]. Joint estimation
again raises the € estimates somewhat and expands the confidence intervals. Overall, these
regressions continue to present parameter estimates that are consistent with large amplifi-

cations of human capital differences across countries.

3.4 Unskilled Workers

The above analysis defines "unskilled" workers as those with completed primary or less
schooling and aggregates among unskilled workers assuming they are perfect substitutes for
each other. Online Appendix I (Figures A1.1-A1.7 and Table A1l.1) extensively explores
alternative definitions of the unskilled, including (i) all possible alternative thresholds be-
tween skilled and unskilled in the Barro-Lee data and (ii) flexible aggregation among the
unskilled themselves, further generalizing the functional form of the human capital aggre-
gator. Using regression estimates to inform parameter values, human capital differences
across countries are amplified by a factor of 3.4 — 7.1. depending on the delineation between
skilled and unskilled labor, and the success measure ranges from 72% — 109%.

A large micro literature predicts € & 1.5 when delineating the lower skilled group as those
with high school or less education (e.g., Katz and Autor 1999, Ciccone and Peri 2005). It may
therefore be especially salient that the cross-country regressions in the Appendix estimate
€ = 1.5 using this delineation. With this delineation, regression parameter estimates suggest
that human capital differences rise by a factor of 4.7 and the success measure is 88%.

Overall, the amplification of human capital differences appears robust. We see broad
consistency between (1) the range of parameter estimates that substantially reduces TFP
differences in explicit accounting, (2) regression estimates of these parameters, and (3)
available within-country micro-evidence on the substitutability between skilled and unskilled
labor. These observations suggest that human capital variation can now play a central role
in explaining income variation across countries. These findings are robust to any constant-

returns-to-scale specification of the aggregator Z(Hs, Hs..., Hy).
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3.5 Skilled Workers

In allowing for workers to provide differentiated labor services, rather than the same ser-
vice, the generalized accounting above leads to very different results from the traditional
approach. To better understand these results, it is useful to further consider (a) the dis-
tinction between wages returns and skill returns when labor is differentiated and (b) the
role played by skilled workers.

Recall that in neoclassical theory the wage is a marginal revenue product, which is the
marginal product (in units of output) times that output’s price. Traditional accounting, in
assuming perfect substitutes, turns off relative price differences for different workers. Thus,
it equates wage returns with skill returns. By contrast, the generalized accounting in this
paper adjusts for the implied price effects of intermediate human capital services (see (3))
while otherwise remaining within the neoclassical accounting methodology. In short, we
introduce downward sloping demand for different labor services.

To the extent that rich countries "flood the market" with skilled labor and demand is
downward sloping, the price of their services will decline. If these skilled workers sustain
similar wage returns to schooling as in poor countries, one may then interpret that skilled
workers in rich countries provide relatively abundant skilled services (in units of output).t6
In fact, skilled labor supply is far higher in rich countries while wage returns are rather
similar across countries. Figure 3 presents these data. Defining L, as the mass of skilled
workers and wyz as their mean wage, wage return variation is tiny compared to labor supply
variation. Taking the Israel-Kenya example, the skilled labor allocation (Lz/L1) is 2300%
greater in Israel, while the wage returns (w,/w,) are only 20% lower. Taking the USA-
Congo example, the skilled labor allocation is 17500% greater in the USA, while wage returns
are only 15% lower.

Take these wage returns as given. Then the more downward sloping the demand for
skilled services, the greater the output returns to schooling in rich countries needed to
maintain the wage returns to schooling. This provides further intuition for the generalized
accounting: As ¢ decreases, demand becomes increasingly downward sloping. Hence lower

¢ leads to larger differences in human capital services across countries (Table 2). Online

16 This interpretation requires the elasticity of substitution between skilled and unskilled labor to be greater

than one, as is consistent with the evidence. I maintain this assumption in the discussion.
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Appendix II provides detailed estimates of the implied skilled services. Taking the Israel-
Kenya example, we may infer that skilled workers in rich countries are about 100 times more
productive (in units of output) than in poor countries.

One question is whether such large output gains are actually achieved through human
capital investment or just happen to be associated with human capital investment. If one
accepts instrumental variable estimates where an extra year of schooling raises wages by
approximately 10% (see, e.g., the review by Card (2003)), then the schooling investment
has a causal interpretation. This follows from the same observation about downward slop-
ing demand in the generalized production function. In rich countries, a 10% gain in wages
requires a relatively large increase in output, given the abundant existing supply of skilled
labor depressing the relative prices of skilled services. By contrast, in poor countries, a simi-
lar wage gain is supported with a much smaller increase in output, given the relative scarcity
of skilled workers.!” Thus if one accepts the micro-literature’s identification of (1) relatively
low € and (2) IV estimates of the wage returns from schooling, then advanced schooling in
rich countries causes enormous increases in output compared to poor countries.'®

To be clear, a causative role for human capital does not rule out popular conceptions
of skill-biased technological change where, say, skilled workers in rich countries employ
relatively advanced ideas or tools. Indeed, while IV wage returns are similar across countries,
we can infer highly heterogeneous treatment effects of schooling between rich and poor
countries, as discussed above. Understanding why schooling causes such relatively high
returns in rich countries poses great avenues for future research — avenues that depart
decidedly from the constraints imposed by traditional accounting, which has implied little
or no role for human capital. Online Appendix IT explores the “division of labor” hypothesis
— building out the concept of labor differentiation among skilled workers — which integrates
concepts of human capital investment with skill bias in the acquisition of advanced ideas.

The concluding section further discusses this interpretation.!?

1"Note that IV estimates of the wage returns to schooling consider both rich and poor countries, as
reviewed by Card (2003), and suggest similar wage returns in both settings.

I81f one does not accept (2), then one would not reach this conclusion (and would more broadly undercut
the larger human capital accounting paradigm that infers productivity gains of human capital investments
through wage data). Notably, this latter view would not rescue the methodology and conclusions of tradi-
tional accounting but rather would reject it on different grounds.

19Finally, It is also interesting to consider why the world looks like Figure 3, where wage returns differ little
across countries. This behavior is natural when labor supply is endogenous: if wage returns to schooling
were unusually high, then more individuals would choose to become skilled, causing the prices of skilled
services to fall and constraining wage gains. As discussed in Online Appendix II, simple endogenous labor
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4 Discussion

4.1 Summary

Human capital accounting operates under the assumption that the productivity advantage of
human capital (e.g. education, experience) can be inferred by comparing the productivity
of those with more human capital with those with less human capital. In practice, this
productivity comparison is traditionally made using relative wages: all types of workers in
an economy are translated into “unskilled equivalents”, with weights based on the wage gains
associated with higher skill (e.g. Klenow and Rodriguez-Clare 1997, Hall and Jones 1999,
Caselli 2005). Using this approach to construct human capital stocks, the literature finds
that human capital variation across countries is small, explaining little of the differences in
per-capita income across countries.

This paper continues within the broad paradigm of human capital accounting, where
the productivity advantage of human capital is inferred by comparing workers with more
or less human capital. By generalizing the method to a broad class of human capital
aggregators, however, the paper reaches three conclusions. First, the productivity gains
associated with human capital investments do not reveal themselves through relative wages,
unless all workers are perfect substitutes. Second, the perfect substitutes accounting will
understate the variation in human capital across countries under broad conditions. Third, a
generalized empirical exercise suggests that human capital variation can quite easily explain
large income differences across countries. The generalized human capital stock can also
be investigated using regression approaches, which suggest production function parameters
that are in concert with the micro literature and point to substantially elevated human
capital differences. This new accounting thus casts considerable doubt on the findings of

the traditional literature.

4.2 Interpretations

This paper closes by considering how a larger role for human capital, including one large

enough to eliminate TFP differences across countries, may be interpreted. This section first

supply models will drive individuals equilibrium wage returns toward their discount rates (e.g. Willis 1986),
as workers optimize their human capital investments, and can act to disconnect equilibrium wage returns
from productivity considerations. Endogenous labor supply models may thus help clarify why enormously
different skill returns across countries would appear through large differences in labor allocations but little
difference in wage returns (Figure 3).
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discusses one interpretation — the division of labor hypothesis — and then turns to broader

considerations and long-standing debates.
4.2.1 The Division of Labor and Skill Bias

The traditional accounting paradigm, in treating workers as perfect substitutes, not only
has large accounting consequences as shown in this paper, but also stands in contrast to
old ideas in economics that emphasize the division of labor as a critical source of produc-
tivity. Pre-dating even Adam Smith (1776), Francis Bacon’s Novum Organum (1620) noted
that “...men begin to know their strength when instead of great numbers doing all the
same things, one shall take charge of one thing and another of another.” This classic view
doesn’t seem controversial when examining modern economies, where workers (especially,
skilled workers) bring highly differentiated training and experience to specialized tasks.
Consider manufacturing microprocessors, piloting aircraft, performing surgery, adjudicating
contracts, or fixing a combine-harvester among many important tasks in advanced economies
that require specialized skills. All told, the U.S. Census recognizes over 31,000 different
occupational titles.

This paper’s “generalized division of labor” aggregator, Z(.), encapsulates productivity
gains due to differentiated skills without making narrow claims about specific functional
forms. Thus, this paper’s estimates implicitly incorporate the division of labor as a means
for driving large productivity differences across countries. On-line Appendix II presents
decompositions of skill gains by making further assumptions about Z(.) and presents a
calibration showing how these productivity gains can be mapped into the division of labor.
That exercise suggests that enormous skilled-worker productivity differences between Israel
and Kenya (the 85-15 percentile country comparison) are consistent with a 4.3-fold increased
degree of specialization.?’

Beyond prima facie evidence for the division of labor in real labor markets, its pedigree in

economics, or its potential usefulness in explaining macroeconomic phenomena, the division

20Tn a companion paper (Jones 2010), I consider micro-mechanisms that can obstruct collective special-
ization. The model shows how poor economies can emerge as places where skilled workers do relatively
similar things, to paraphrase Bacon, and shows how differences in the division of labor may explain several
stylized facts about the world economy. As one piece of prima facie evidence, consider that Uganda has 10
accredited medical specialties while the U.S. has 145 accredited medical specialties. Or consider that MIT
offers 119 courses across 8 sub-specialties within aeronautical engineering alone, while Uganda’s Mekerere
University, often rated as the top university in Sub-Saharan Africa outside South Africa, offers no specialized
aeronautics courses within its engineering curriculum.
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of labor can make a potentially stronger claim upon the development process. Namely, if we
believe that productive ideas are too many for one person to know, then the division of labor
becomes necessary to achieve advanced productivity. This logic follows to the extent that
an individual can only know so many things. Moreover, as ideas accumulate, the division
of labor must increase. This point was made by Albert Einstein,?! and has been repeatedly
demonstrated in recent studies showing that increasing specialization and collaboration are
generic features across wide areas of knowledge (Jones 2009, Wuchty et al. 2007, Borjas and
Doran 2012, Agrawal et al. 2013).

Notably, in this view development becomes innately “skill-biased", as increasingly differ-
entiated skilled workers embody an expanding set of productivity-enhancing ideas. Allowing
for differentiated workers may therefore also resolve tensions between measures of human
capital and skill-biased technical change. Moving beyond limited conceptions of human
capital that emphasize the quantity and/or quality of a generic “schooling” or “experience”
variable (i.e. a perfect-substitutes assessment), we can instead think about skilled workers
as vessels of differentiated, advanced knowledge. This perspective in turn suggests a basic
theory of development, which can act as a neoclassical synthesis, bringing together concepts
of ideas, capital, and institutions into a common framework. I close by considering this

interpretation.
4.2.2 Toward a Neoclassical Synthesis

The generalized analysis of human capital stocks suggests that cross-country output varia-
tion can be accounted for without much if any reliance on residual, total factor productivity
(TFP) variation. Because TFP is often interpreted as (i) "ideas" and/or (ii) "institutions",
this analysis might therefore seem to diminish these explanations for economic development.
Such an implication, however, need not follow if ideas are embodied in the capital inputs
and the embodiment process is influenced by institutions.

Consider ideas first. Macroeconomic arguments aside, studies of production processes
through history suggest that new ideas are central to understanding productivity gains —

from agriculture to transportation, from manufacturing to health — as detailed in many

21 Einstein observed that “...knowledge has become vastly more profound in every department of science.
But the assimilative power of the human intellect is and remains strictly limited. Hence it was inevitable that
the activity of the individual investigator should be confined to a smaller and smaller section...” (Einstein
1932).
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studies.?? Consistent with this perspective, and the modern endogenous growth literature,
one may posit the central role of ideas in driving increased prosperity.

Now consider capital. Studying any particular production process, it seems straightfor-
ward that for ideas (e.g. techniques, designs, blueprints, protocols, facts, theories, beliefs)
to enter production they must be known and implemented; that is, they must be actuated
through tangible inputs. Capital inputs can then be simply defined as the instantiation of
ideas. Physical capital inputs (e.g. buildings, tools, airplanes, microprocessors, MRI ma-
chines) can be defined as the instantiation of ideas into objects. Human capital inputs (e.g.
surgeons, engineers, managers) can be defined as the instantiation of ideas (e.g. surgical,
engineering, managerial techniques) into people.?

Finally, consider institutions. Putting ideas into production through capital inputs,
rather than as a residual, provides tangible processes in which institutions like property
rights and contracts matter. Weak institutional environments can naturally underpin fail-
ures in acquiring physical and human capital inputs. For example, individuals may col-
lectively fail to embody advanced ideas when faced with high borrowing costs, high co-
ordination costs, and poor educational institutions (Jones 2010 and Online Appendix II).
Institutional features like weak contracting environments and poor public good provision
can then naturally underpin investment failures.

Together, this perspective can allow one to move beyond some common debates about
human capital, ideas, and institutions by seeing them not in contest with each other but
as pieces of an integrated structural process. There need be no horse race between these
features. Rather, output can be mapped into capital inputs. Capital inputs can be mapped
onto ideas. Institutions affect these mappings. In this interpretation, the contribution of this
paper is not in reducing the roles of ideas or institutions. The findings are fully consistent

with a framework in which investment, ideas, and institutions play essential roles — but

22Mokyr’s The Lever of Riches (1992) provides many historical examples as do overviews of 20th century
U.S. economic growth (e.g. Augustine et al. 2007, Chapter 2, and The Economic Report of the President
2011, Chapter 3). Nordhaus (1997) provides a powerful example by studying the price of light through
time. Conley and Udry (2010) is one of many studies demonstrating that ideas can fail to diffuse in poor
countries.

23People are thus differentiated and embody advanced ideas only collectively, as discussed above. The
productivity of an individual is thus tied to broader skill complementarities, as allowed in this paper’s
generalized accounting. Such interactions can happen through explicit production teams (a surgical team,
an assembly line), through broader organizations such as firms, and through market interactions. Thus the
division of labor perspective can broadly encapsulate concepts of “organizational capital” and other ideas
emphasizing collaboration.
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where human capital can be drawn to the heart of economic development.

While the framework is applied here to cross-country income differences, the same frame-
work has other natural applications at the level of countries, regions, cities, or firms. Growth
accounting provides one direction for future work. The urban-rural economy literature is
another direction, where productivity differences from specialization are often suggested as

critical but cannot be captured using traditional human capital measures.
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5 Appendix
Proof of Lemma 1

Proof. H = G(H,, Hs, ..., Hy) is constant returns in its inputs (Assumption 1). Therefore,
by Euler’s theorem for homogeneous functions, the true human capital aggregate can gener-

ically be written H = Zi\; G;H;. Rewrite this expression as H = G1h; Zi\; g;Z’l L;.

Recalling that w; = %Gihi (Assumption 2), so that % = gfﬁiv we can therefore write

H = Glhlle, where f/l = ZN Wi Lz ]

=1 w,
Proof of Lemma 2
Proof. If H = G(H;,Z) is constant returns to scale, then G is homogeneous of degree

zero by Euler’s theorem. Therefore G1(Hy,Z) = G1(H1/Z,1). Noting that G1; < 0, it
follows that A = GR/GY > 1iff ZB/HE > ZP /HY. =

Proof of Lemma 3

Proof. By Lemma 1, H = GyH, providing an independent expression for H based
on its first derivative. If the human capital aggregator can be manipulated into the
form H = Q(Hy,Z(Ho,....,Hy)) = Q(Hy, P(H, Hy)), then we have from Lemma 1 H =
Q:(H,,P(H,H 1))ﬁ . This provides an implicit function determining H solely as a function

of Hy and H; that is, without reference to Z(Hs,..,Hy). m
Proof of Corollary 1

Proof. By Lemma 1, H = GyH. For the GDL aggregator, G; = (H/Hl)é. Thus H =

Data Appendix

Capital Stocks

To minimize sources of difference with standard assessments, this paper uses the same
data in Caselli’s (2005) review of cross-country income accounting. Income per worker is
taken from the Penn World Tables v6.1 (Heston et al. 2002) and uses the 1996 benchmark

year. Capital per worker is calculated using the perpetual inventory method, K; = I; +
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(1 — 6)Ky—1, where the depreciation rate is set to 6 = 0.06 and the initial capital stock is
estimated as Ko = Ip/(g + 9). Further details are given in Section 2.1 of Caselli (2005).
As a robustness check, I have also considered calculating capital stocks as the equilibrium
value under Assumptions 1 and 2 with a Cobb-Douglas aggregator; i.e., K = (a/r)Y’, where
a = 1/3 is the capital share and = 0.1. This alternative method provides similar results
as in the main paper.

To calculate human capital stocks, I use Barro and Lee (2001) for the labor supply
quantities for those at least 25 years of age, which are provided in five groups: no schooling,
some primary, completed primary, some secondary, completed secondary, some tertiary, and
completed tertiary. Schooling duration for primary and secondary workers are taken from
Caselli and Coleman (2006) and schooling duration for completed tertiary is assumed to be
4 years. Schooling duration for "some" education in a category is assumed to be half the
duration for complete education in that category. Figure A2 summarizes the Barro and Lee
labor allocation data.

For wage returns to schooling, I use Mincerian coefficients from Psacharopoulos (1994)
as interpreted by Caselli (2005). Let s be the years of schooling and let relative wages be
w(s) = w(0)e?*. Psacharopoulos (1994) finds that wage returns per year of schooling are
higher in poorer countries, and Caselli summarizes these findings with the following rule.
Let ¢ = 0.13 for countries with 5 < 4, where § = (1/L) Zi\;l s;L; is the country’s average
years schooling. Meanwhile, let ¢ = 0.10 for countries with 4 < § < 8, and let ¢ = 0.07 for
the most educated countries with 5 > 8. Unskilled labor equivalents are then calculated as
Ly = Zivzl e?% L; in each country.

As a robustness check, I have considered calculating H under a variety of other assump-
tions. The results using the GDL aggregators are broadly robust to reasonable alternatives.
The sample mean value of ¢ at which capital stocks fully explain income variation typically
falls in the the [1.5,2] interval across human capital accounting methods. For example, if
we set ¢ = .10 (the global average) for all countries, then the gap between unskilled labor
equivalents widens slightly, since the returns to education in poor countries now appear
lower and the returns in rich countries appear higher. The resulting increase in human
capital ratio means that capital inputs can fully explain income differences at somewhat

higher values of ¢, but still with & < 2.
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Variation in the Quality of Unskilled Labor

Following the analysis in Section 2.4, the difference in unskilled qualities are estimated

as WU /WY = wl /wlP | where wages are for unskilled workers in the U.S. The term wf is

the mean wage for unskilled workers born in the US and wf’lP is the mean wage for unskilled
workers born in a poor country and working in the US.

Wages are calculated from the 5% microsample of the 2000 U.S. Census (available from
www.ipums.org). Unskilled workers are defined as employed individuals with 4 or less years
of primary education (individuals with educ=1 in the pums data set, which is the lowest
schooling-duration group available) who are between the ages of 20 and 65. To facilitate
comparisons, mean wages are calculated for individuals who speak English well (individuals
with speakeng=3, 4, or 5 in the pums data set).

Figure A3 presents the data, with the mean wage ratio, w{%IP/wf’, plotted against log
per-capita income of the source country. (National income data is taken from the Penn
World Tables v6.1.) There is one observation per source country, but the size of the marker
is scaled to the number of observed workers from that source country. The figure plots the
results net of fixed effects for gender and each integer age in the sample.

For accounting and regression analysis when relaxing Assumption 4, the (weighted) mean
of wit/ wfﬁ 7 is calculated for five groups of immigrants based on quintiles of average schooling
duration in the source country. In practice, these corrections adjust hf/hf modestly when
departing from hf¥/hf = 1, with a range of 0.87 to 1.20 depending on the quintile. The age
and gender controlled data is used, although using the raw wage means produces similar
findings. The corrections for h{*/h¥ are then applied to the human capital stock in each
country.

This wage method for estimating h¥/hf operates under the additional premise that
immigrant workers are representative of the source country population (hfb‘P ~ hl). As
discussed in Section 2.4, there is a large literature on immigrant selection, and existing
reviews of this literature (Hendricks 2002, Clemens 2011) argue that immigrant selection
appears modest. Studies around the world of various source and host country pairs tend
to show a mix of modest negative selection (e.g. de Coulon and Piracha 2005; Ibarraran
and Lubotsky 2007) and positive selection (e.g. Chiquiar and Hanson 2005; Brucker and
Trubswetter 2007; Brucker and Defoort 2009, McKenzie et al. 2010), which is consistent
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with the theoretical ambiguity of the matter (e.g. Borjas 1987, McKenzie and Rapoport
2007) and further suggests that there is no large, systematic departure from representative
sampling. Some authors argue that there may be tendency toward positive selection on
observables (e.g. Hanson 2010), which may extend into unobservables (e.g. McKenzie et
al. 2010), in which case the wage adjustment is conservative, providing a lower bound on
human capital differences across countries.

While several studies examine populations with low average educational attainment,
none to my knowledge explicitly examine the category with four or less years of schooling,
which is the group used for the wage adjustment in this paper. I therefore consider addi-
tional empirical analysis, examining Mexican migration to the United States. Given that
U.S. Census data is used for the wage correction and that Mexicans are the most common
immigrant population to the U.S., this population may be especially relevant for this pa-
per. Recent studies using state-of-the-art Mexican microdata find, in consonance with the
broader literature, modest degrees of selection and further a mixed direction of selection
with slight positive selection from rural areas and slight negative selection from urban areas
(Fernandez-Huertas Moraga 2011, 2013; Kaestner and Malamud forthcoming). To examine
selection among those with four or less years of education, I have acquired both the Encuesta
Nacional de Empleo Trimestral sample used in Fernandez-Huertas Moraga (2011) and the
Mexican Family Life Survey sample used in Kaestner and Malamud (forthcoming).?* Table
A1 shows the results, examining the real earnings measures used in these studies and com-
paring those who migrate to the U.S. with those who stay at home. The analysis finds little
selection among migrants using either sample and regardless of age and gender controls.
Thus, on the basis of these data, the immigrant sample looks broadly representative.

Overall neither the wage correction using U.S. Census data nor extant evidence about
immigrant selection point to a substantial role for Assumption 4. One can use other
reasonable methods to calculate wf /wf‘P and apply it to the human capital measures,
but in general the primary findings of the paper are robust to such variations, because the

implications of relaxing Assumption 3 tend to be much greater.

24Gee their papers for detailed description of the data and their earnings variables.

29



References

[1]

Agrawal, Ajay, Avi Goldfarb, and Florenta Teodoridis. "Does Knowledge Accumulation
Increase the Returns to Collaboration? Evidence from the Collapse of the Soviet Union,"

University of Toronto mimeo, 2013.

Augustine, Norman et al. Rising Above the Gathering Storm, Chapter 2, The National
Academies Press: Washington, DC, 2007.

Bacon, Francis. Novum Organum, 1620.

Barro, Robert J. and Jong-Wha Lee. “International Data on Educational Attainment:

Updates and Implications,” Ozford Economic Papers, 53 (3), 2001, 541-563.

Borjas, George J. “Self-selection and the Earnings of Immigrants”, American Economic

Review, 77 (4), 1987, 531-53.

Borjas, George J. and Kirk B. Doran. "The Specialization of Scientists," University of

Notre Dame mimeo, 2011.

Bowlus, Audra J. and Chris Robinson, "Human Capital Prices, Productivity, and

Growth," CLSRN Working Paper No. 89, 2011.

Brucker, Herbert and Cecily Defoort. "Inequality and the Self-selection of International
Migrants: Theory and New Evidence," International Journal of Manpower, 30 (7),
2009, 742-764.

Brucker, Herbert and Parvati Trubswetter. “Do the Best go West? An Analysis of
the Self-selection of Employed East-West Migrants in Germany”, Empirica, 34, 2007,
371-94.

Card, David. "Estimating the Return to Schooling: Progress on Some Persistent

Econometric Problems," Econometrica, 69 (5), 2003, 1127-1160.

Caselli, Francesco. "Accounting for Cross-Country Income Differences", The Handbook

of Economic Growth, Aghion and Durlauf eds., Elsevier, 2005.

Caselli, Francesco and Wilbur J. Coleman. "The World Technology Frontier", American

Economic Review, June 2006, 96 (3), 499-522.

30



[13]

[16]

[17]

Chiquiar, Daniel and Gordon H. Hanson, “International Migration, Self-Selection, and
the Distribution of Wages: Evidence from Mexico and the United States,” Journal of
Political Economy, 113 (2), 2005, 239-281.

Ciccone, Antonio and Giovanni Peri, "Long-Run Substitutability Between More and
Less Educated Workers: Evidence from U.S. States, 1950-1990," The Review of Eco-
nomics and Statistics, 87(4), 2005, 652-663.

Clemens, Michael A. "Economics and Emigration: Trillion-Dollar Bills on the Side-

walk?" Journal of Economic Perspectives, Summer 2011, 25 (3), 83-106.

Conley, Timothy G. and Christopher R. Udry. "Learning About a New Technology:

Pineapple in Ghana", American Economic Review, March 2010, 100 (1), 35-69.

de Coulon, Augustin and Matloob Piracha. "Self-selection and the Performance of
Return Migrants: The Source Country Perspective," Journal of Population Economics,

18 (4), 2005, 779-807.

Einstein, Albert. "In Honour of Arnold Berliner’s Seventieth Birthday" (1932), excerpt
from The World as I See It, Citadel Press, 1949.

Fernandez-Huertas Moraga, Jesus. "New Evidence on Emigrant Selection," The Review

of Economics and Statistics, February 2011, 93(1), 72-96.

Fernandez-Huertas Moraga, Jesus. "Understanding Different Migrant Selection Pat-

terns in Rural and Urban Mexico," Mimeo FEDEA, 2013.

Hall, Robert and Charles Jones. "Why Do Some Countries Produce So Much More
Output Per Worker Than Others?", Quarterly Journal of Economics, February 1999,

114 (1), 83-116.

Hanson, Gordon H. "International Migration and the Developing World," Handbook of

Development Economics, Volume V, Chapter 66, 2010.

Hendricks, Lutz. "How Important Is Human Capital for Development? Evidence from

Immigrant Earnings," American Economic Review, March 2002, 92 (1), 198-219.

31



[24]

[25]

[26]

[27]

[28]

[29]

[30]

Heston, Alan, Robert Summers, and Bettina Aten. Penn World Tables Version 6.1.
Downloadable dataset. Center for International Comparisons at the University of Penn-

sylvania, 2002.

Hsieh, Chang-Tai and Peter J. Klenow. "Development Accounting," American Eco-

nomic Journal: Macroeconomics, January 2010, 2 (1), 207-223.

Ibarraran, Pablo and Darren Lubotsky. "Mexican Immigration and Self-Selection: New
Evidence from the 2000 Mexican Census," Mezican Immigration to the United States,

Chapter 5, George J. Borjas (ed.), 2007

Jones, Benjamin F. "The Burden of Knowledge and the Death of the Renaissance

Man: Is Innovation Getting Harder?", Review of Economic Studies, January 2009.

Jones, Benjamin F. "The Knowledge Trap: Human Capital and Development Recon-

sidered", NBER Working Paper #14138, 2010.

Kaestner, Robert and Ofer Malamud, "Self-Selection and International Migration: New

Evidence from Mexico," The Review of Economics and Statistics, forthcoming.

Katz, Lawrence F. and David H. Autor, "Changes in the Wage Structure and Earnings
Inequality," Handbook of Labor Economics Volume 3 Chapter 26, 1999, 1463-1555.

Klenow, Peter J., and Andres Rodriguez-Clare, “The Neoclassical Revival in Growth
Economics: Has It Gone Too Far?”, in: B.S. Bernanke, and J.J. Rotemberg, eds.,

NBER Macroeconomics Annual (MIT Press, Cambridge), 1997, 73-103.

Mankiw, N. Gregory, David Romer and David N. Weil. "A Contribution to the Empirics

of Economic Growth", Quarterly Journal of Economics, May 1992, 107 (2), 407-437

Manuelli, Rodolfo and Ananth Seshadri, "Human Capital and the Wealth of Nations",

mimeo, University of Wisconsin, June 2005.

McKenzie, David and Hillel Rapoport. “Network effects and the dynamics of migra-
tion and inequality: Theory and evidence from Mexico.” Journal of Development Eco-

nomics, 8, 2007, 1-24.

32



[35]

[39]

[40]

McKenzie, David, John Gibson, and Steven Stillman. “How Important Is Selection?
Experimental vs. Non-experimental Measures of the Income Gains from Migration,”

Journal of the European Economic Association, 8 (4), 2010, 913-45.

Mokyr, Joel. The Lever of Riches: Technological Creativity and Economic Progress,
New York: Oxford University Press, 1990.

Nordhaus, William. "Do Real-Output Measures and Real-Wage Measures Capture
Reality? The History of Lighting Suggests Not", in The Fconomics of New Goods (T.

Bresnahan and R. Gordon, eds.), University of Chicago Press: Chicago, 1997.

Psacharopoulos, George. "Returns to Investment in Education: A Global Update",

World Development, 1994, 22 (9), 1325-43.
Smith, Adam. An Inquiry into the Nature and Causes of the Wealth of Nations. 1776.

Wuchty, Stefan, Benjamin F. Jones and Brian Uzzi. "The Increasing Dominance of

Teams in the Production of Knowledge", Science, 2007, 318, 1036-39.

33



Tablel: Basic Data

Rich v Poor
99"/ 1 85"/ 15" 75"/ 25"
Percentile Percentile Percentile
Measure (USA/Zaire) (Israel/Kenya) (S Korea/lndia)
YRIYP
90.9 16.9 6.3
(Income)
KR/KP
185.3 43.9 17.4
(Capital stock)
LR/LP
(Unskilled worker 1.70 1.33 1.15
equivalents)
LY /LY
. .09 44 52

(Unskilled workers)

Income and capital stock measures are per woilRata sources and methods are further
described in the text and appendix.
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Table 2: Human Capital and Income: Accounting Approach

Elasticity of Substitution
Between Unskilled Labokl;, and Skilled Aggregat&(H,,..,Hy)

1 1.2 14 1.6 1.8 2.0 00
Panel A: Relaxing Assumption 3

HR/ HP 0 358 21.9 8.6 5.4 4.1 1.3
A ) 269 16.4 6.5 4.0 3.1 1
Success 1) 1050% 163% 88% 64% 54% 25%

Panel B: Relaxing Assumptions 3 and 4

HR/ HP 00 306 18.6 7.3 4.6 3.5 1.1
A 00 269 16.4 6.5 4.0 3.1 1
Success 1) 950% 147% 79% 58% 48% 23%

This table compares Israel and Kenya, which reptese 85 and 18 percentile countries
respectively ranked by income per worker?/ H is the ratio of human capital stock is the ratio
of H¥/ H” at the indicated elasticity of substitution t&/ " for the infinite elasticity of substitution
case. Success is the consequent percentageinttme variation that is explained by variation in
capital inputs. Figure 2 summarizes accountingfbroader set of rich and poor countries and shows
that Israel and Kenya provide a useful benchmarkliscussed in the text.
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Table 3: Human Capital and Income: Regression Approach

Dependent variable il:s)g\?

1) 2) ©) (4) ) (6)
log(H) 2.606** 2.049** 1.713% 1.467%
(0.212) (0.293) (0.143) (0.141)
log(H,) 10.957* 0.344* 0.762*  -0.508*
(0.195) (0.158) (0.141) (0.137)
Observations 92 92 92 92 92 92
R-squared 0.508 0.371 0.533 0.445 0.246 0.545
Gmpliede T
~ 1.34 ~ 1.48 1.64 B 1.83
(fromH) 1 281.44] [1.34,1.83] [1.50-1.87] [1.83-2.28]
1.70 2.94 1.88 231
(fromH,) ” [1.50,2.17] [2.01,23.3] " [1.64,2.38] [1.85,3.82]

Specifications (1) — (3) maintain Assumption 4. Speations (4) — (6) relax Assumption 4.
Robust standard errors in parentheses. Robust 8&#@ence intervals in square brackets.
* indicates p<0.05, ** indicates p<0.01
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Figure 2: Human Capital Stock Variation

Panel A: Generalized Human Capital Stock
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Figure 3: Sourcesof Human Capital Variation: Labor Supply versus Wages
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Figure Al: Fraction of Income Difference Explained Using Traditional Human Capital Accounting

.6 .8
|

A4

Success of Traditional Accounting
2

JPN/HTI
T/BGD
MYS/HB&RC/ME/IND
- BRB/BOL
L/CH
cYPINIEYCHBSpicnmy/sENCHE/SLE AUSIUGA
SWE/NPL ERAREN:
ISLICOG seamaeN IR
u GBR/L@&KWé = BEL/MWIR
USA/ZAR
T T T T T
5 10 20 40 80

Income Ratio (log scale)

Figure A2: Fraction of Workerswith Given Schooling (from Barro and L ee 2001)

g 22
- ENLIG : JAM HEU
fa E
TRRY I70
S8 cmoz & go GuY CﬁPN‘R FRA
S PNG PAK E© | RC
5o %}\5}%\ IND BGDEGYN RYA o %V b @’E’L
= JOBHR <
8 va mg GTM  QRER sg ZMB q o
Sol 2en L g F%m? BoL K
b BE BV REU\EgpM £, 5GP 3 %RW/Q DESK” 1SHGE
(=
3 Q- THAR G 5 &7 cMeEH8mmG EABaYN  JOBHR CAN
BoMs RRY )@ ITA BENE  PAK IRN NZL
CISR g NERLgws KWT USA
o J/-Wl CSQH ﬁégim S o
T T 2 T T T T T
7 8 9 10 11 7 8 9 10 11
Log of Per-Capita Income (PPP) Log of Per-Capita Income (PPP)
S
o | [al=J
IS E >
2 ARDS So usA
So csk KOR 28 NZL
Y BrB H = ISR
e M a POL cyp e AUS
° L DNKCAN
= CHN FRA o PHL E
- %@fﬂg%% : j
S hwr gHa e Og- 3
5 TGO HTI 'P g
(]
Eo 4% il S o )
(n T T T T T T T T T T
7 8 9 10 11 7 8 9 10 11
Log of Per-Capita Income (PPP) Log of Per-Capita Income (PPP)

40



Figure A3: Wage Ratios from 2000 US Census among Employed Workerswith Four or Less Y ears of
Schooling, Conditional on Age and Gender
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Table Al: Immigrant Selection, Four or Less Y earsof Schooling

Dependent variable: log earnings

1) (2) (3) (4) (5) (6) (7) (8)
All Rural Urban All All Rural Urban All

Migrated to -0.0240 0.167*** 0.0514 0.00875 0.00931 0.0880 104 -0.109
U.S.

(0.0290) (0.0459) (0.0325) (0.0276)(0.167) (0.212) (0.258) (0.158)
Control$? No No No Yes No No No Yes

Data ENET ENET ENET ENET MxFLS MxFLS MxFLS MXxFLS
Observations 429,815 120,633 309,182 429,815 2,253 1,291 962 512,2
R-squared 0.000 0.000 0.000 0.163 0.000 0.000 0.000.126

Notes:

®@Controls include fixed effects for each age in geard dummies for gender and rural residency.

| thank Jesus Fernandez-Huertas Moraga and OfearMal for providing access to and guidance on the
Encuesta Nacional de Empleo Trimestral (ENET) daththe Mexican Family Life Survey (MxFLS) data,
and for sharing their constructed variables. FOEENearnings are the real hourly wage. For MxRb8,
earnings are real annual earnings, including benafid income from secondary jobs.

Robust standard errors in parentheses *** p<0.0p<0.05, * p<0.1
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1 Online Appendix I: Unskilled Workers

This appendix extends the results to different definitions of "unskilled" workers. Recall

that the main text estimates the GDL aggregator

—£€ _
e—=1]e—-1

e—1
H= [Hlf + Z(Ho, Hy..., Hy) = (1)

assuming H; (unskilled human capital services) are a perfect substitutes aggregation of
workers with no more than primary school education. More generally, we can consider (1)
different delineations between skilled and unskilled workers, and (2) alternative aggregations
among the unskilled. This appendix first extends the theory to allow alternative (and richer)

descriptions of unskilled workers and then considers empirical estimates.

1.1 Theory

We group as "unskilled" a variety of different workers. Their labor services can be defined
generally as

H, =Q(Hy1, Hia, ..., Hi )

across J sub-types of unskilled workers (e.g. those with no formal education, those with
some primary education, etc.). Under Assumptions 1 and 2, Lemma 1 applies to Q(.), so

that we can equivalently write

Hl = Qlﬂ-l (2)

*Kellogg School of Management and NBER. Contact: 2001 Sheridan Road, Evanston IL 60208. Email:
bjones@kellogg.northwestern.edu.



where Hy; = hy1L; and L; = ijl —3 Ly

Under a perfect substitutes assumption, H; = H;. This is the approach used in the main
text. Such an approach is conservative. That is, it limits human capital differences across
countries, following the same reasoning as discussed throughout the paper. For example, if

we write

Hl - Q (H117W(H127 "'7H1J))

then Lemma 2 also applies: since poor countries are relatively abundant in the lowest skill
group (e.g. those with no schooling), relaxing the perfect substitutes assumption among the
unskilled will elevate H{*/H{. As with the general reasoning in the paper, this implication
follows prior to consideration of precise functional forms or data. Other things equal this
relaxation will elevate H®/H?Y.

To proceed to specific empirical analysis, we can consider the generalization

-
p—1

1 | B—1
H1 = |:H11“ +W(H12,...,H1J)}“ :|

among unskilled workers. Coupled with the aggregator (1) used in the primary analysis and
using (2), we can (after some algebra) equivalently write the human capital stock as

“w
1

H = hy Ly, (il/L11> L)L) (3)

where L7 is the mass of the least skilled category, hi; is their innate skill, L, is a perfect
substitutes aggregation among the unskilled, defined above, and L is the traditional perfect
substitutes aggregation of all skill classes defined in the main text. Note that as p — oo,
this calculation of H becomes equivalent to the simpler GDL calculation in the main text,
where sub-classes of the unskilled are treated as perfect substitutes. As y — oo and € — oo,

we return to the standard perfect substitutes calculation used in traditional accounting.

1.2 Empirical Estimation

We can now consider the calculation of human capital stocks, varying (i) the division of labor
categories between skilled and unskilled groups, and (ii) the aggregation of these based on

€ and p.



1.2.1 Accounting

Recall the definition of A from the main text, measuring the ratio of generalized human capi-
tal differences to the traditional perfect-substitutes calculation. Using (3), the amplification

of human capital differences is

~ L ~ ~ = ~
LA (LR T (DL T Lr
m\zpen) \zrjir) I

Similarly, recall that the metric success, which measures the percentage of cross-country

output variation predicted by variation in capital inputs, is
success = A7 X successt

where successt is the success percentage under traditional accounting. These measures can
be calculated for any particular rich-poor country pair.

Figures A1.1-A1.6 present A and success across countries given various (g, 1) pairs and
various delineations between unskilled and skilled workers. As in the main text, the measure
is calculated for all country pairs from the 70/30 to 99/1 percentiles in per-capita income.
The mean amplification of human capital differences and mean success rate across countries
is then presented for each set of parameters. Unskilled labor is defined using six different
delineations, using the finest gradations available from the Barro-Lee data: (1) no schooling
(Figure Al.1); (2) some primary or less schooling (Figure A1.2); (3) completed primary
or less schooling (Figure A1.3); (4) some secondary or less schooling (Figure Al.4); (5)
completed secondary or less schooling (Figure A1.5); and (6) some tertiary or less schooling
(Figure A1.6).

Several observations can be made. First, looking across these figures, it is clear that the
generalized accounting substantially elevates human capital differences and can help explain
cross-country income variation with much higher levels of success over a wide space of
parameters and delineations between skilled and unskilled labor. Second, the human capital
amplification increases as either p or ¢ falls —i.e. as we move away from perfect substitutes.
Third, higher cutoffs between skilled and unskilled workers produce a given success value
at lower values of ¢ and/or u. Put another way, as we expand the unskilled category,
the success measure increasingly depends on u. This finding is natural: treating workers

as perfect substitutes diminishes human capital variation and, as we move more workers



into the unskilled category, how we treat these workers increasingly matters. Broadly,
we see that the capacity to substantially expand the role of human capital in development

accounting appears regardless of the skill cutoff.
1.2.2 Regression

The generalized accounting elevates human capital differences across countries. However,
the specific extent of this amplification depends on € and p. Defining unskilled workers
as those with completed secondary or less schooling, the within-country micro-literature
suggests € € [1,2] with commonly reported estimates suggesting ¢ ~ 1.5. Estimates of ¢
for other categorizations of the unskilled and estimates of ;1 do not appear available. Thus
picking (e, ) definitively awaits further research. However, with appropriate identification
caveats, one may see how simple regressions estimate these parameter values.

To proceed, we can further relax the regression approach used in the main text. With

the human capital measure generalized as in (3), the regression becomes

log Y = By + B, log LS /L5, + By log L°/ L§ + B3 log Hf; + u° (4)

where 8, = Ml_a)a By =

e(l—a)
- p—1 e—1

, and 85 = 1 —a. This model introduces greater parametric
flexibility, allowing separate estimation of € and u. Whereas the regression model in the
main text over-identifies ¢ (under the assumption that p = o), the regression model (4)
relaxes the restriction on p and estimates this parameter as well.

Table Al.1 presents the results from estimating (4). Each column considers a different
delineation between skilled and unskilled workers, as indicated at the top of each column.
Panel A estimates (e, ¢) under the restricted model where we assert o = 1/3, while Panel
B relaxes this assumption and estimates the triple (e, p, @).

One may make several observations. First, raising the threshold between unskilled and
skilled workers produces lower estimates of €. This finding suggests that complementari-
ties between skilled and unskilled workers appear greatest when we isolate the very highly
skilled. Importantly, looking at column 5, which corresponds to the secondary versus ter-
tiary schooling delineation in the extant micro-literature, we see ¢ = 1.5, which is very
similar to that literature’s estimates. Second, the point estimates show a higher elasticity

of substitution among unskilled workers, with i ~ 4 being typical. This finding suggests



that unskilled workers are more substitutable among themselves than they are with skilled
workers, which seems natural. Third, the regressions in Panel B also suggest reasonable
estimates of 1 — &, with point estimates centering around 0.6, which is broadly consistent
with observed labor shares (Gollin 2002, Bernanke & Gurkaynak 2002).

Figure A1.7 takes the estimates of the ¢ and p from each regression (i.e. for each clas-
sification of skilled workers) and examines the relevant accounting calculations at these
parameter values. In the upper panel of Figure A1.7, we see that human capital differences
across country pairs increase on average by a factor of 3.4 to 7.1 depending on the delineation
between skilled and unskilled workers. The lower panel shows that the success measure
ranges from 72% to 109%. Examining the "Completed Secondary" case, where available
estimates in the micro-literature provide within-country IV estimates that are consistent
with ¢ = 1.5, human capital differences across countries increase by a factor of 4.7 and
the success measure is 88%. Thus, regardless of the delineation between skilled and un-
skilled workers, we see large amplifications of human capital differences across countries and,

correspondingly, a capacity to explain most or all of the income variation across countries.



2 Online Appendix II: Skilled Workers

A value of the human capital stock calculations in the text is that they do not require
detailed specification of the aggregator and are robust to any constant-returns specification
Z (Hq1,Hs,...,Hy). At the same time, it is useful to look "underneath the hood" and
gain a better understanding of where the variation in stocks may come from. This Online
Appendix proceeds in two parts. First, it explores variation in skill returns across countries.
As discussed in Section 3.5, the productivity gains (in output) associated with skill appear
far larger in rich than poor countries. This appendix provides explicit estimates of this
variation and considers simple equilibrium reasoning to show why large variation in skill
returns across countries is consistent with modest variation in wage returns (Figure 3).
Second, this appendix examines a concrete explanation for the relatively enormous skill
returns in rich countries, emphasizing their greater collective acquisition of knowledge. This
approach, the "division of labor hypothesis", provides a natural link between human capital

and skill-bias, while allowing a simple calibration.
2.1 Variation in Skilled Labor Services

Under Assumptions 1 and 2, the relative flow of services for two groups of laborers in an
economy is

hi w; G
St (5)

hj  w; Gy
as shown in the main text, where h;, = H;/L; is the mean flow of services from the workers
in group 4. Thus the relative service flows (h;/h;), which are in units of output, can in
general be inferred from relative wages (w;/w;) and the relative prices of these intermediate
human capital services (G;/G;). Under traditional accounting, skill returns are mapped
purely from wage returns, because a perfect substitutes assumption turns off considerations
of G;/G;. Under generalized accounting, one must also consider these relative prices.

In particular, with downward sloping demand, a relative abundance of skilled over un-
skilled services in rich countries will cause the relative price of skilled to unskilled services
to fall. From Figure 3, we know that there are very large differences in skilled labor sup-
ply across countries but only small differences in wage returns. Given (5), this empirical

observation suggests that variation in (G;/G;) rather than variation in (w;/w;) will tend to

have the larger implications for understanding variation in service flows (h;/h;).



To estimate the variation in output gains associated with skill, we can again use the
human capital stock estimation approach of Section 3. Using the GDL aggregator in

tandem with (5), one can infer the skilled-unskilled ratio of mean service flows as

L ALy = ( f/Lf)s“

hE/hy \wl fwf LE/LY

where h, = Z(Hy, Hs..., Hy)/ Lz is the mean flow of services from skilled workers.

Table A2.1 (Panel A) reports the implied variation in h,/hq, continuing with the rich-
poor example in Table 2. Recall that human capital stock variation eliminates residual
total factor productivity variation when € ~ 1.6, which is consistent with the regression
point estimate in column 4 of Table 3. At this value of ¢, the relative service flows of skilled
workers in the rich country appear 98.6 times larger than in the poor country. This empirical
finding is consistent with Caselli and Coleman (2006), but now explicitly extended to the
general class of skilled labor aggregators, Z(Hs, Hs..., Hy). Thus similar wage returns
are consistent with massive differences in labor allocation when skilled service flows are
substantially higher in rich countries.

Skilled service flows can be further articulated by specifying particular skilled aggrega-

tors, Z. For example, consider a sub-aggregator of skilled types

N ne1 nﬁ 1
> H} (7)
=2

where 7) is the elasticity of substitution among these types. Table A2.1 (Panel B) presents

Z:

! Taking a range of

the implied service flows from these different groups of skilled workers.
n € [1.2,2], the implied skill return advantages for skilled but less than tertiary-educated
workers in the rich country are in the interval [69, 103], while the skill returns among the
tertiary-educated are in the interval [60,284]. In sum, the labor allocations and wage

returns evidence in Figure 3 are reconciled when service flows from higher educated workers

in rich countries are far higher (as a group) than their service flows in poor countries.

! The returns for the sub-groups of workers are calculated using (7) as
hi;,gl [ w TIJ*T L; ﬁ hz Lz 6(71151)
hi \w Ly hy Ly

The calculations in Panel B of Table A2.1 assume € = 1.6 in the GDL aggregator; i.e. the value of € where
capital variation fully explains the income variation.



2.1.1 Further Intuition from Equilibrium Reasoning

To further interpret these findings, it is useful to consider why the world looks like Figure 3,
where there is little variation in wage returns across countries. A simple interpretation lies
in endogenous labor supply. To see this, consider a stylized theory where workers choose

their education level to maximize their income.

Assumption 1 Let individual income, y, as a function of educational duration, s, be
y(s,0) = fsoo w(s,0)e~"tdt where 0 is an individual specific parameter. Let individuals

maximize income with respect to educational duration.

In this setting, the individual will choose a personally optimal level of education such

that
Ow/ds

e (8)
In other words, the individual’s wage return will be log-linear in educational duration at their
optimal schooling choice, with a return of 7%.2 This log-linearity looks like a Mincerian
return. It is also independent of the mapping between skill and schooling. That is, the
individual’s wage return will settle here according to (8) regardless of how schooling and skill
map together. If more schooling brought wage gains above r for some individuals, these
individuals would naturally seek more education, causing the price of the higher-schooling
labor services to fall until each individual’s equilibrium wage return (8) returned to . While
moving from individual wage returns to economy-wide wage returns requires some further
assumptions, it is clear that simple equilibrium reasoning constrains wage variation. Hence,
we may expect the limited wage return variation across countries seen in Figure 3, even as
skill returns can vary enormously. Thus wage returns can act to mask rather than reveal
variation in skill returns. This equilibrium reasoning provides an additional perspective on
the data. It also provides an additional perspective on the problem underlying traditional
human capital accounting, which assumes that wage returns on their own can guide human

capital inferences.

2 A richer maximization problem can introduce other features besides the discount rate, such as tax rates,
tuition rates, and life expectancy, which will further influence the equilibrium wage return (see, e.g., Card
2003 or Heckman et al. 2006 for richer descriptions). The simple version in the text is close to Willis (1986).



2.2 The Division of Labor

In advanced economies, and especially among the highly educated, skills appear highly dif-
ferentiated. Not only do skills differ across medical doctors, chemical engineers, computer
scientists, molecular biologists, lawyers, and architects, but skills within professions can be
highly differentiated themselves. The U.S. Census recognizes over 31,000 different occu-
pational titles. Measures of knowledge suggest similar specialization; the U.S. Patent and
Trademark Office indexes 475 primary technology classes and 165,000 subclasses, while the
Web of Science and PubMed together index over 15,000 science and engineering journals.
A now large micro-literature documents extensive and increasing labor division and collab-
oration across wide areas of knowledge (Jones 2009, Wuchty et al. 2007, Borjas and Doran
2012, Agrawal et al. 2013). To the extent that the set of productive knowledge is too
large for any one person to know, the division of labor can be seen as necessary to achieve
advanced productivity.

This section considers greater task specialization as a possible explanation for the greater
skilled service flows in rich countries. In particular, we unpack the skilled aggregator Z(.).
The approach provides a simple theory and calibration exercise to show how differences
in labor division can provide the 100-fold productivity differences seen in Table A2.1, thus
incorporating the classic idea that the division of labor may be a primary source of economic
prosperity (e.g., Smith 1776). The approach also builds on ideas in a related paper (Jones
2010), which considers micro-mechanisms that can obstruct collective specialization among
skilled workers, linking ideas, human capital, and skill-bias into a common framework.

The core idea is that focused training and experience can provide extremely large skill
gains at specific tasks. For example, the willingness to pay a thoracic surgeon to perform
heart surgery is likely orders of magnitude larger than the willingness to pay a dermatologist
(or a Ph.D. economist!) to perform that task. Similarly, when building a microprocessor
fabrication plant, the service flows from appropriate, specialized engineers are likely orders of
magnitude greater than could be achieved otherwise. Put another way, if no individual can
be an expert at everything, then embodying the stock of productive knowledge (i.e. "ideas")
into the workforce requires a division of labor. Possible limits to task specialization include:
(i) the extent of the market (e.g. Smith 1776); (ii) coordination costs across workers (e.g.

Becker and Murphy 1992); (iii) the extent of existing advanced knowledge (Jones 2009); and



(iv) local access to advanced knowledge (e.g. Jones 2010). In addition to poor access to high-
quality tertiary education, the capacity to access advanced knowledge may be limited by
low-quality primary and secondary schooling in poor countries, for which there is substantial
evidence (e.g. Hanushek and Woessmann 2008, Schoellman 2012). The following set-up is
closest theoretically to Becker and Murphy (1992) and Jones (2010), while further providing

a path toward calibration consistent with the human capital stock estimates in this paper.
2.2.1 Production with Specialized Skills

Consider skilled production as the performance of a wide range of tasks, indexed over a
unit interval. Production can draw on a group of n individuals. With n individuals, each
member of the group can focus on learning an interval 1/n of the tasks. This specialization
allows the individual to focus her training on a smaller set of tasks, increasing her mastery
at this set of tasks. If an individual devotes a total of s units of time to learning, then the
time spent learning each task is ns.

Let the skill at each task be defined by a function f(ns) where f’(ns) > 0. Meanwhile, let
there be a coordination penalty c¢(n) for working in a team. Let task services aggregate with
a constant returns to scale production function that is symmetric in its inputs, so that the
per-capita output of a team of skilled workers with breadth 1/n will be h(n, s) = c(n) f(ns).
We assume that ¢/(n) < 0, so that bigger teams face larger coordination costs, acting to
limit the desired degree of specialization.?

Next consider the choice of s and n that maximizes the discounted value of skilled services

4

per-capita.” This maximization problem is

s,n

max/ h(n,s)e "dt

2.2.2 Example

Let c¢(n) = e=%", where 0 captures the degree of coordination costs that ensue with greater

labor division. Let f(ns) = a(ns)?, where o and /3 are educational technology parameters.

3For analytical convenience, we will let team size, n, be a continuous variable.

4Decentralized actors may not necessarily achieve this symmetric, output maximizing outcome. In fact,
given the presence of complementarities across workers, multiple equilibria are possible (see Jones 2010).
Here we consider the output maximizing case as a useful benchmark.
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It follows from the above maximization problem that?

s* = p/r 9)
n* = pg/6 (10)

2\ B
and skilled services per-capita are e Pa (%) . Expertise at tasks declines with higher
discount rates (r), which reduce the length of education, and with greater coordination
costs (#), which limit specialization.

As a simple benchmark, assume common S around the world. Then the ratio of skilled

labor services between a rich and poor country will be

hE  of (PP ’

WP o \ " 1D
This model thus suggests a complementarity of mechanisms. Differences in the quality of
education («), discount rates (r), and coordination penalties (6) have multiplicative effects.

These interacting channels provide compounding means by which skilled labor services may

differ substantially across economies.
2.2.3 Calibration Illustration

We focus on the division of labor. Note from (10) that with common 5 the equilibrium
difference in the division of labor (that is, the team size ratio) is equivalent to the inverse
coordination cost ratio, oF /QR. To calibrate the model, let § = 2.2, which follows if the
duration of schooling among the highly educated is 22 years and the discount rate is 0.1.
Further let aff/af = 1 and take the Mincerian coefficients as those used to calculate each
country’s human capital stocks throughout the paper, as described in the Data Appendix.
Figure A2.1 then plots the implied variation in the division of labor, nf/nf, that recon-
ciles (11) with the quality variation A% /hL implied by (6), under the assumption that rich
countries have no advantage in education technology.

We find that a 4.3-fold difference in the division of labor can explain the productivity
difference between Israel and Kenya (the 85-15 percentile country comparison), and a 2.4-fold
difference explains the productivity difference between Korea and India (the 75-25 percentile

country comparison). The extreme case of the USA and the former Zaire is explained with a

5The following stationary points are unique, and it is straightforward to show that they satisfy the
conditions for a maximum.
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22-fold difference. These differences would fall to the extent that the education technology

() is superior in richer countries.
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Figure Al.1: Generalized Accounting, Unskilled HavéNo Education
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Notes: The upper panel presents the measuvéhich is the ratio of the generalized human
capital differences to traditional human capitéfledences. The lower panel presents the measure
“success”, which is the percentage of the incom&tian explained by capital input variation.

In both panels, at a giverand 1, the mean of each measure is presentedatrpsirs of

countries from the 70/30 to the 99/1 percentilescdme differences. In this figure, which defines
the unskilled as those with no education, the patamu plays no role.
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Figure A1.2: Generalized Accounting, Unskilled Have&some Primary or Less Education

A (Amplification of human capital differences)
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Notes: The upper panel presents the measuvéhich is the ratio of the generalized human
capital differences to traditional human capitéfledences. The lower panel presents the measure
“success”, which is the percentage of the incomr@atian explained by capital input variation.

In both panels, at a giverand 1, the mean of each measure is presentedatrpsirs of

countries from the 70/30 to the 99/1 percentilemobme differences.
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Figure A1.3: Generalized Accounting, Unskilled Have&Complete Primary or Less Education

A (Amplification of human capital differences)
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Notes: The upper panel presents the measuvéhich is the ratio of the generalized human
capital differences to traditional human capitéfledences. The lower panel presents the measure
“success”, which is the percentage of the incom&tian explained by capital input variation.

In both panels, at a giverand 1, the mean of each measure is presentedatrpsirs of

countries from the 70/30 to the 99/1 percentilemobme differences.
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Figure Al.4: Generalized Accounting, Unskilled Have&some Secondary or Less Education

A (Amplification of human capital differences)
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Notes: The upper panel presents the measuvéhich is the ratio of the generalized human
capital differences to traditional human capitéfledences. The lower panel presents the measure
“success”, which is the percentage of the incom&tian explained by capital input variation.

In both panels, at a giverand 1, the mean of each measure is presentedatrpsirs of

countries from the 70/30 to the 99/1 percentilemobme differences.
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Figure A1.5: Generalized Accounting, Unskilled HaveComplete Secondary or Less
Education

A (Amplification of human capital differences)
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Notes: The upper panel presents the measuvéhich is the ratio of the generalized human
capital differences to traditional human capitffledlences. The lower panel presents the measure
“success”, which is the percentage of the incomm&tian explained by capital input variation.

In both panels, at a giverand 1, the mean of each measure is presentedsatlrpsirs of

countries from the 70/30 to the 99/1 percentilemobme differences.
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Figure A1.6: Generalized Accounting, Unskilled Havesome Tertiary or Less Education

A (Amplification of human capital differences)
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Notes: The upper panel presents the measuveéhich is the ratio of the generalized human
capital differences to traditional human capitffledlences. The lower panel presents the measure
“success”, which is the percentage of the inconratran explained by capital input variation.

In both panels, at a giverand ., the mean of each measure is presentedsatrpsirs of

countries from the 70/30 to the 99/1 percentilemobme differences.
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Figure A1.7: Human Capital Accounting Using Regressen Parameter Estimates
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Note: The x-axis indicates the threshold takemben unskilled and skilled workers, where a
category (e.g. “Completed Primary) means that le¥elducation and below are counted as
unskilled. The upper panel presents the ratib@fgeneralized human capital differences to the
traditional perfect-substitutes measure. It useségression estimates foand p from the

relevant column in Table A1.B. The lower panel ¢dess the success measure. Means are taken
over all pairs of countries from the 70/30 to ti®19percentiles of income differences
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Figure A2.1: Calibrated Difference in Specializatio across Countries
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Table Al.1: Regression Estimates afand p

Panel A: Asserting alpha = 1/3

(1) 2) 3) (4) (5) (6)
No Some Completed Some  Completed Some
Schooling  Primary Primary Secondary Secondary Tertiary

log(H; /Hy1) 0.949%*  1.117+%*  1.113%*  1550%*  1.946**  3.005**
(0.0252) (0.0875) (0.116) (0.259) (0.547) (0.891)
log(H/H;) - 0.823**  (0.892***  (0.859***  (0.892***  (.894***
(0.0503) (0.0376) (0.0385) (0.0330) (0.0308)
Observations 56 56 56 56 56 56
R-squared 0.948 | 0.953 0950 0.954 0.951 0.951
Implied e 3.36 2.48 2.49 1.76 1.52 1.29
[3.01-3.87] [2.07-3.41] [1.99-4.10] [1.48-2.81] [1.28-4.45] [1.16-2.17]
Implied -- 5.26 3.96 4.47 3.95 3.93
[3.60-12.8] [3.22-5.42] [3.48-6.77] [3.29-5.16] [3.31-5.00]
Panel B: Regression estimates of alpha
(1) 2) 3) (4) (5) (6)
No Some  Completed Some Completed Some
Schooling  Primary Primary Secondary Secondary Tertiary
log(H,; /Hy1) 1.030***  1.055**  1.117**  1.476**  1.939***  3.033***
(0.258) (0.244) (0.262) (0.309) (0.547) (0.927)
log(H/H;) 0 0.753**  (0.897*** 0.757** 0.876*** 0.816**
0) (0.276) (0.272) (0.285) (0.292) (0.313)
log(Hy1) 0.758** 0.592* 0.672** 0.557* 0.649* 0.582
(0.305) (0.300) (0.310) (0.315) (0.327) (0.350)
Observations 56 56 56 56 56 56
R-squared 0732 | 0.756 0742 0.760 0.743 | 0.747
Implied ¢ 3.79 2.28 251 1.61 1.50 1.24
[1.97 0] [1.62-0] [1.70] [1.36-2.82] [1.27-4.18] [1.14-1.95]
Implied n -- 4.66 3.99 3.77 3.85 3.48

[1.83-] [1.88-] [1.73-] [1.80-] [1.68-]

Robust standard errors in parentheses
*** n<0.01, ** p<0.05, * p<0.1

Notes: The upper panel assumed/3 and adjusts the dependent variable undeatgsatmption.

The lower panel lets the regression estimatestead. See discussion in the appendix textior
regression models.
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Table A2.1: Human Capital Services by Educational @®ups

Panel A: Human capital services, grouping secondary and tertiary educated workers

Elasticity of Substitution
Between Unskilled LaboHl;, and Skilled Aggregat&(H,,..,Hy)

1 1.4 1.6 1.8 2 )

0 1101 98.6 29.5 14.3 0.79

Panel B: Human capital services, secondary and tertiary educated workers treated separately

Elasticity of Substitution
Between Secondarii,, and TertiaryHs, Human Capital Services

1.2 1.4 1.6 1.8 2 00
R
(h,/ hl)P 68.5 83.9 89.8 92.9 94.8 103
(h,/h,)
R
(h,/ hl)P 284 130 100 88.0 81.4 59.6
(hy/h,)

This table compares Israel and Kenya, which reptase 85 and 15 percentile countries
respectively ranked by income per worker. Panef this table corresponds to Panel A of
Table 2. Panel B considers the implied human abgdrvices for secondary and tertiary
educated workers, depending on the elasticity b$twtion between their services. In Panel
B, the elasticity of substitution in the GDL aggaéay is taken to be 1.6 following the results in

the main text.
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