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1 Introduction and Preliminaries

1.1 DMotivation and Overview

Economists characterize the relationship between a country’s productive resources and
its GDP by means of the Aggregate Production Function. The Aggregate Production
Function can be used to answer two types of questions: (i) if country A has x% more of
a given input (say, labor) than country B, by how much will country A’s GDP exceed
country B’s (everything else being constant)? (ii) if country A experiences a 2% increase
in a given input between years t and t 4+ 1, by how much will its GDP increase between
the two years?

In empirical applications, economists have long noticed that production functions are
not stable. Namely, the mapping from inputs onto outputs changes both across countries
and over time. It is customary to refer to this instability as technology differences (across
countries) and technical change (over time).

There is a long tradition of studies attempting to quantify the pace of technical change.
This endeavor is usually refereed to as growth accounting. Growth-accounting exercises
usually find technical change to be very important in driving changes in GDP over time.
There is also a more recent, but now well-established, strand on quantifying the magnitude
of technology differences across countries. These development accounting studies tend to
find that technology differences are very important in determining differences in GDP.
Both these sets of findings have profoundly influenced the way economists think about
economic performance in the long run.

While these traditions have been effective at quantifying the extent of technology dif-
ferences and technical change, they have arguably been less successful at characterizing its
nature. In the vast majority of empirical applications technology is assumed to be factor
neutral. Roughly speaking (and I will of course be more precise below) factor neutrality
implies that a change in the production function that improves the efficiency with which
a country uses one input by 2%, also simultaneously improves by the same amount the
efficiency with which a country uses all its other inputs.

This book argues that the factor-neutral representation of technology is inadequate,

both across countries and over time. Technology differences and technical change are



factor biased: they don’t only change the overall efficiency with which a country exploits
its bundle of productive inputs, but also the relative efficiency with which different factors
contribute to production. In fact, in some cases there is even evidence that as the efficiency
with which one input increases, the efficiency of another decreases.

More specifically, I show that in richer countries the efficiency with which skilled la-
bor is used relative to unskilled labor is greater than in poorer countries; similarly, the
efficiency with which reproducible capital (equipment and structure) is used relative to
natural capital (mineral deposits, land, timber, etc.) is higher in rich countries; also, when
comparing the efficiency of an overall labor inputs (appropriately combining skilled and
unskilled labor) and an overall capital input (which combines reproducible and natural
capital), rich countries use labour relatively more efficiently. Furthermore, it appears that
the absolute efficiency with which physical capital is used is not lower, and perhaps even
actually higher, in poor countries

Over time, I document (like others before me) an increase in the relative efficiency of
skilled labor. T also find an increase in the relative efficiency of older workers relative to
younger ones (holding skills constant). Finally, in an echo of the corresponding result in
the cross-section, the efficiency with which physical capital is used has been declining over
time.

I interpret these findings by means of a simple theoretical model of endogenous tech-
nological choice. In the model, firms choose from a menu of technologies (production
functions). The key consideration turns out to be the degree of substitutability among
factors. When two factors of production are highly substitutable, firms choose technolo-
gies that maximize the efficiency of the cheaper factor (at the expense of the efficiency of
the more expensive factor). Instead, when two factors are poor substitutes, firms choose
to maximize the efficiency of the expensive factor.

To see how this framework sheds light on the empirical findings, consider skilled and
unskilled labor. Rich countries have larger relative supplies of skilled labor, and hence
skilled labor is relatively cheap there. Since skilled and unskilled labor are pretty good
substitutes, firms in rich countries seek to make the most of skilled labor, and end up picking
technologies that imply a high relative efficiency of skilled labor compared to poor countries.

Rich countries also have larger relative supplies of physical capital (broadly construed to



include natural and reproducible capital) compared to labor (broadly construed to account
for the larger proportion of skilled workers) . But labor and capital are (thought to be) poor
substitutes so in this case rich countries choose technologies that emphasize the relative
efficiency of capital. The other empirical patterns uncovered can be interpreted along
similar lines.

The factor-neutrality approach implies a Manichean view where some countries “get it
right” and others “get it wrong”. They either make the most of their skilled and unskilled
labour, reproducible and natural capital, or they fail to use any of these efficiently. One
implication is that poor countries should strive to reproduce rich countries’ technological
choices, irrespective of their factor endowments and other determinants of optimal tech-
nology choice. The non-neutrality findings in this book, and in the research on which this
book is based, point to a more nuanced picture. To be sure, firms in poor countries lag
far behind the technology frontier to which rich-country firms have access. But technology

transfer and adoption should be selective and tailored to local conditions.

1.2 Aggregate Production Functions

The central - indeed the only - analytical tool used in this book is the aggregate production
function. The aggregate production function is a mapping from a country’s input quantities

to a country’s output, and we express it as
cht = Fct(chtaXQCta'--)v (1)

where Y., is aggregate output in country c in year ¢, X is the quantity of input j used in
production, and F; is the mapping in question. Note that the mapping carries subscripts
¢ and t, indicating that the aggregate production function is country and time specific.

The empirical counter-part of output Y, is Gross Domestic Product (GDP). More
specifically, when we we are concerned with cross-country comparisons, we focus on GDP
at Purchasing Power Parity (PPP GDP). PPP GDP adds up the quantities produced of
all final goods and services using a common set of prices (PPPs) as weights. When making
comparisons over time, constant-price series must be used.

This book is about how F., varies across countries and over time. This is not a new



endeavor. A large literature has already looked at the case
Fct(chta X2ct7 ) = Acté<cht7 X20t7 ) (2)

In this special case, the production functions F' differ by, and only by, the multiplicative
term A. In other words, most of the literature has focused on uncovering factor neutral
differences in the production function over time and across countries. The consensus finding
is that these differences are large, and contribute largely to changes in GDP over time and
cross-country differences in GDP.!

Factor neutrality is a natural first step in investigating cross-country technology dif-
ferences as well as technical change, but a glance at equation (2) clearly shows that it is

highly restrictive. The book focuses on the following conceptual generalization:
Fct(cht7 X2ct7 ) = G<Alctcht7 A2ctX20ta ) (3)

In (3) the technology parameter A;, augments factor j. A country (year) may have
a relatively high value of one of the A,,s without having a proportionally high value
of another. In other words, technology differences need not be factor neutral - though
neutrality is admitted as a possible special case. The book is about asking whether — and
if so how — the A;.s vary across countries and over time.?

To this end, we must begin by identifying the list of relevant factors of production. I
focus on four broad aggregates: unskilled labor, skilled labor, physical reproducible capital,
and natural capital. The breakdown of the main factors of production into labor and capital
is almost as old as economics, and the breakdown of labor into skilled and unskilled is also
well established. The importance of accounting for reproducible and physical capital has
recently been emphasized by Caselli and Feyrer (2007).

We must also specify a functional form for G. The book applies methods originally de-

veloped by Caselli and Coleman (2002, 2006) and Caselli (2005) which allow for identifica-

LA brief overview of growth accounting (which studies changes in A.; over time) with references to the
classic contributions can be found in Caselli (2008a). A brief [detailed] overview of development accounting

(across countries) is provided in Caselli (2008b) [2005].
?Needless to say (3) remains restrictive in that it only admits technology differences of the factor-

augmenting kind - namely there are no ¢ or ¢ subscript to the function G.



tion of the A;4s when the production function features constant elasticities of substitution.

Accordingly, in most of the book, I work with the following specification:

Y;:t — [(AKctht)U + (ALCtLCt)U]l/U , (4)
Ko = [(Athth)n + (AMctMct)n]l/n, (5)
L = [(AvetUa)” + (Asctsct)p]l/p. (6)

Hence, the production process is represented by a sequence of nested CES aggregators.
Beginning from the bottom, unskilled labor, U, and skilled labor, S, are combined into
an aggregate labor input L with elasticity of substitution 1/(1 — p). Similarly, natural
capital N and reproducible capital M (“M” for machine) are combined into the aggregate
K, with elasticity of substitution 1/(1 —n). Finally, labor and capital are aggregated with
elasticity 1/(1 — o) to produce output. Technology differences are captured by differences
in the factor-augmenting terms Ay, Asct, Anets Anrets Axet, and Ape, which will be the
object of this study.?

The advantage of the nested-CES structure is twofold. First, it keeps the number of
parameters (other than the augmentation factors A) to a minimum, i.e. the three elasticity
of substitution. Second, as we will see, it allows for breaking up the problem of identifying
the relative efficiency of any two factors into stages, i.e. first between skilled and unskilled
labor, then between reproducible and natural capital, and only then between labor and
capital. Admittedly other nestlings are in principle possible, and there isn’t much in the
literature to offer guidance on the most appropriate one. I have chosen the one in (4)-(6)
as it is the most consistent with traditions emphasizing the distinction between skilled
and unskilled labor, and labor and capital. Perhaps more importantly, the existence of
these traditions provides (some) information on the plausible values of the corresponding
elasticities of substitution.

With a slight modification (discussed below in Section 1.7), the CES aggregates in

(4)-(6) nests the Cobb-Douglas case as a special case. Macroeconomists often use the

3In Chapter 6 I add a furhter level of nesting “under” equation (6), where U and S are further broken

down by the amount of experience.



Cobb-Douglas assumption, particularly for (4), on the ground that the capital share is
constant in the US. The historical trendlessness of the capital share in the US, however,
can of course be replicated by CES models with the “right” time series behavior of the
effective supplies of capital and labor (i.e. AxK and ApL). Furthermore, there is clear
evidence of substantial fluctuations in the capital shares of many countries other than the
US, and even in the US in recent years [e.g. Neiman and Karabarbounis (2014), Oberfield
and Raval (2012), Elsby et al. (2013)].

1.3 Factor Bias

It is useful to establish a terminology to characterize particular patterns of variation of
technology across countries and over time. To do so, we build on the terminology that was
developed to characterize technical change over time, and extend it to the cross-country
context.

Consider again an aggregator of the form

1/¢
X = (A x)° + <A2X2><] . (7)
In the time series, it is customary to say that technical change is factor-i augmenting if A;
increases over time. Furthermore, technical change is said to be biased towards factor i if
(A;/A;)¢ increases over time.*

To see the rationale for the definition of factor bias note that
MP; AN\ XN\

Cx — PR
MP; A; X; ’

where M P, (M P;) is the marginal product of factor i (j). Hence, technical change is biased

towards factor ¢ if it increases the relative marginal productivity of factor ¢ when relative
factor quantities are held constant. In recent years the idea of factor bias in technical
change has played a prominent role in attempts to explain changes in the wage structure
[e.g. Katz and Murphy (1992), Acemoglu (1998, 2002), Autor, Katz and Krueger (1998),
Katz and Autor (1999), Caselli (1999), Goldin and Katz (2008)].

4The definitions of factor augmenting, neutral, and biased technical change go back to Hicks (1939).



In a cross-section of countries, similar definitions are possible if we replace time with
a suitable criterion to order observations. The natural criterion is income per worker.
Hence, we will say that technology differences across countries are factor-i augmenting
if A; is higher in countries with higher GDP. Furthermore, technology differences across

countries are biased towards factor-i if (A4;/A;)¢ is higher in countries with higher GDP.?

1.4 Alternative Representation

It is immediate that an alternative representation for an aggregator of the form (7) is

X =0, [(Xl)C +0 (XQ)C] e (8)

where the mapping is
Ql = Al

Qz—<&)< (9>

1

In words, we can work with aggregators that are specified in terms of the augmentation
coefficients of both inputs, or in terms of one augmentation coefficient and one factor-bias

coefficient. In the book, I will exploit this representational equivalence extensively.

1.5 Plan for the Book

The book is divided into three parts.

Part I is the “across countries” part. In Chapters 2 and 3 I will use the specification
in (8) and (9) for equations (6) and, respectively, (5), to identify the factor bias (if any)
in labor and capital aggregation. In other words, in these chapters I (drop time subscripts
and) estimate Ag./Ay. and, respectively, Ay./Ane, and characterize how they vary across
countries - particularly as a function of GDP. While these chapters produce estimates of
the ratios Ag./Ay. and Ap./Ane, they do not pin down the absolute levels of Ay, and
Ane. As mentioned, I find that both (Ag./Ap.)” and (Ap./Ane)" are positively correlated

with income per worker.

SFor a precedent on rteplacing the time index with a country’s ranking in the world income distribution

see Hall and Jones (1996).



In Chapter 4 I turn to equation (4), which I keep in its original form. Substituting

from equations (6) and (5), in their alternative form, we have
~\O - \No1l/o
Vo= [(AxeAneR)” + (ApedcLe) | (10)

where

Roo= | (ﬁfM)} " ()

i = [(Uc>p+(j§zsc>p}l/p. (12)

These substitutions reveal that, in a system of nested CES functions, it is not possible to

separately identify the augmentation coefficient of all inputs at all levels of the nesting.

Accordingly, chapter 4 focuses on estimating the augmentation coefficients

AKC - AKCANC7
ALC = ALCAUC‘

We can think of these coefficients as augmentation coefficients for “natural capital equiv-
alents” K, i.e. the capital input expressed in efficiency units of natural capital, and
“unskilled-labor equivalents” L, or the labor input in efficiency units of unskilled labor.
My finding is that A, is increasing in income per worker, while Ag. is either unrelated,
or perhaps even slightly decreasing in income per worker.

Part III is the “over time” part. In Chapter 6 I extend the definition of the aggregate
labor input in (6) to further break down the skilled and unskilled labor aggregates by
experience. This results in an additional layer of CES nesting. I then show that the
efficiency of experienced skilled (unskilled) workers increases over time in the US relative
to the efficiency of inexperienced skilled (unskilled) workers. I also look at the evolution
over time of the relative efficiency of skilled workers to unskilled workers, and confirm the
skilled-biased technical change result.

Chapter 7 extends the time series analysis to a panel of OECD countries, and investi-
gates both skill bias in technical change and the evolution of the efficiency of labor relative
to capital. The analysis confirms that SBTC is a global phenomenon. More originally, I
find that in almost all OECD countries A, has been declining over time.

In between the empirical work in Parts I and III, in Part II I pause for a theoretical

interlude. I present a model of endogenous technological choice and use it to interpret the
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results of Part I. At the end of Part III I also return to theoretical model to interpret that

part’s results.

1.6 Relation to Previous Work

All of the empirical results presented in this book are previously unpublished, in the sense
that, at a minimum, they are obtained with data that have been updated with the most
recent available sources. In most cases, however, I also extend previous work in various
conceptual and methodological directions.

The analysis of skilled bias across countries in Chapter 2 is based on Caselli and Cole-
man (2006). The data used in that paper refer to the year 1985 and covers a cross-section
of 52 countries. Here I report updated results on two cross-sections: 1995 (66 countries)
and 2005 (34 countries). I also improve very substantially on the methodology to construct
the skilled and unskilled labor aggregates, and to estimate the skill premium, which is a
key input in backing out relative efficiencies.

The analysis of the relative efficiency of reproducible and natural capital in Chapter 3 is
novel to this book, though it is inspired by my work with Feyrer [Caselli and Feyrer (2007)],
which shows the importance of accounting for natural capital in estimating aggregate
returns to capital across countries.

Chapter 4, which investigates how the efficiency of capital and labor (both broadly
construed) varies across countries updates the corresponding analysis in Section 7 of Caselli
(2005). There I looked at 96 countries in 1996. Here I present estimates for 1995 (but
with revised data) and 2005. I also measure both the capital and the labor aggregates
differently. In particular, I include natural capital in the former, and allow for imperfect
substitution between skilled and unskilled labor in the latter. I also present extensions in
which the health status of the population and cognitive skills are allowed to contribute to
differences across countries in the labor endowment.

In Chapter 6, the study of experience bias in the US is novel to this book, though it is
heavily indebted to the original investigation of this theme in Katz and Murphy (1992). So
is the study of skill bias which, however, is methodologically closer to Caselli and Coleman
(2002). The exercise on the OECD panel in Chapter 7 is novel to this book.

The two-factor theoretical model of endogenous technology choice in Part II is from

11



Caselli and Coleman (2006). The extension to four factors is novel to this book.

1.7 A Note on “share parameters”

Before starting, a quick note to reassure readers who have find my representation of ag-

gregators of the form (7) unfamiliar. It would indeed be more rigorous to write
NS NI EA
X = {w <A1X1) F(1-w) (AQXQ) } , (13)
where w is customarily referred to as the “share parameter.” This specification is more
accurate because it allows to retrieve the Cobb-Douglas specification as the limiting case
when ¢ — 0. In this limit, w and 1 —w are indeed the factor shares (hence the terminology).
The factor shares are omitted here exclusively for ease of notation. The reader should

simply keep in mind that any estimate of A; (As) presented in the book is really an estimate

of w/CA; (1 —w)Y Ay), as is easily verified by comparison of (7) with (13).
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2 Skilled and Unskilled Labor

2.1 Estimating the skill bias

In this chapter I focus on equation (12) and use it to assess how Ag./Ay. varies across
countries. The methodology to infer Ag./Ay. for country c is very simple. Define W,
as the wage rate for skilled labor, and Wy, as the wage rate for unskilled labor. Assume

now that labor markets approximate conditions of perfect competition. Then the system

(10)-(12) implies:®
WSC - ASC g Sc e (14)
WUC B AUC UC .

The interpretation of this equation is that the relative wage of skilled worker is decreasing

in the relative supply of skills. However, for a given supply of skills the relative wage
also depends on the relative efficiency with which skills are used. If skilled and unskilled
labor are relatively good substitutes (p > 0), an increase in the relative efficiency of skills
increases the relative marginal productivity of skills, and boosts the skill premium. On
the other hand, an increase in A;/A, also increases the effective relative supply of skills.
If skilled and unskilled labor are relatively poor substitutes (p < 0) this relative supply
effect dominates, and the skill premium declines in response to an increase in A,/A,."

Equation (14) implies that the unobservable quantity (As./Ay.)” can be inferred from
data on the following (potential) observables: (i) the relative supply of skills S./U,; (ii) the
skill premium Wg./Wy.. In addition, (iii) one has to calibrate the elasticity-of-substitution
parameter p. I take up these three tasks in the next three sections.

It is important for this methodology that relative wages are informative about relative
marginal productivities. If developing countries had more egalitarian labor market insti-
tutions, the observed skill premium in these countries would underestimate the difference

between the marginal productivity of skilled and unskilled labor, potentially leading to a

6In fact equation (14) holds for any aggregate production function of the form Y = F(L,...), where L

is given by (12).
TOf course this is a partial equilibrium discussion. In general equilibrium, A,/A, may be endogenous

to Ls/L,, as I discuss in Part II.
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spurious evidence of skill bias. Of course, however, it is well known that — if anything —
social and political pressures for containing wage dispersion are much more severe in rich
than in poor countries (with the possible exception of the US), so if anything this type of
measurement error will bias the results against a finding of skill bias.

The methodology allows A, /A, to vary across countries, while p is constant, much as
in the skilled-biased technical change literature. Needless to say, there is a certain amount
of arbitrariness in the choice of which parameters vary, and which don’t, across countries.
This arbitrariness is inescapable: changes in p cannot be separately identified from changes

in A,/A,, as showed in the classic paper by Diamond, McFadden, and Rodriguez (1978).®

2.2 Estimating The Relative Supply of Skills

The key source of raw data to build measures of skilled and unskilled labor supply is a
data set collected by Barro and Lee (2013), covering 146 countries at five-year intervals,
from 1950 to 2010. The data set is best known for its variable “average years of schooling,”
which is an estimate of the number of years of education received by the representative
worker. This variable has played a prominent role in the development-accounting literature
discussed in the introductory chapter. In this study, however, I focus on a different set of
variables from the data set, namely the share of individuals with different levels of schooling
in the working-age population (proxied as the population over 15 years of age).

In particular, for each country and year, Barro and Lee report the proportion of the
population with: (1) no education; (2) some primary schooling; (3) primary schooling
completed; (4) some secondary schooling; (5) secondary schooling completed; (6) some
college; (7) at least a college degree.

The first task in turning the 7 achievement categories of Barro and Lee into an unskilled
and, respectively, skilled aggregate is to choose an education threshold for “skilled.” As
explained later, the most credible available estimates of p use “secondary schooling com-

pleted” as the lowest skilled group. Accordingly, I will classify groups (1)-(4) as unskilled,

81t would, of course, be possible to fix Ag/Ay, and let p vary across countries. See Duffy and Papa-

georgiou (2000) for an effort in this direction.
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and groups (5)-(7) as skilled.”

The next task is to decide how to aggregate the achievement subgroups within the
unskilled and, respectively, skilled set. Because of lack of information on the patterns of
substitutability within the unskilled and the skilled set, respectively, we will assume that
subgroups (i)-(iv) are perfect substitutes for each other, and so are groups (v)-(vii). Hence,
the unskilled and skilled aggregates take the forms:

4

U, = > el (15)

j=1
7
Se = > iy, (16)
j=5

where [;. is the share of achievement-group j in the working-age population, j = 1,...7.
The coefficients 3; measure relative endowments of efficiency units for workers with
more or less education, within the unskilled and skilled aggregate, respectively. In partic-

ular, without loss of generality we can set

so that, for j = 1,...4, 3; measures the endowment of efficiency units relative to a worker
with no schooling and, for j = 5,...,7, it measures the endowment of efficiency units
relative to a worker who completed high school. In other words, our unskilled and skilled
subaggregates are measured in units of workers with no schooling and, respectively, with
a high-school degree. Importantly, from this normalization it follows that the empirical
counterpart of the skilled and unskilled wages Wg. and Wy are the wages paid to workers
who have completed high school and the workers who have no schooling, respectively.
The final task in building the U. and S. aggregates is thus to calibrate the 3;s. Plugging
(15) and (16) into (12), and using the last observation of the previous paragraph, we find

9Needless to say it would be interesting to allow for finer classifications, with more than two skill groups.
In fact, ideally one would treat all seven skill groups as imperfect substitutes. However, the microeconomic

information necessary to calibrate a more complex labor aggrgeator is not currently available.
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that

Wie = Wyeeli j<4 (17)
Wie = Wseeli j >4, (18)

where W;, is the wage rate for a worker belonging to subgroup j, and Wy, and Wy, are
functions of the relative labor endowments U. and S.. This suggests that the ;s can be
estimated from individual-level wage and education data.

In particular, suppose that for a certain country ¢ we had data on a representative
sample of workers, indexed by 7, and belonging to the various attainment groups j. Then

we could identify the §s in the previous equations by the two regressions:

. 4 . .
log(Wj.) = logWyc+ Y B;Dj.+ej, j<4 (19)
=2
) 7 . )
log(Wj,) = logWs.+ > B,;Dj.+¢j. Jj>4 (20)
j=6

In these regressions, ch is the wage of worker ¢ belonging to achievement-group j in
country c, Dj»c is a dummy-variable that takes the value 1 if worker 7 belongs to achievement
group 7, 5§c is an error term, and logWy., logWs., and the (s are parameters to be estimated
(with the (s being the parameters of interest).!?

Equations (19) and (20) are standard Mincerian log-wage equations, except that rather
than measuring education with a single cardinal variable (years of schooling), we measure
it via achievement dummies. I run the Mincerian-like regression separately for workers
belonging to the unskilled subgroups and those in the skilled ones, because the model
implies that the intercepts should be different for these two samples. Of course it would
also be possible to retrieve the s from a regression pooling all workers, by applying

appropriate adjustments to the coefficients.!!

19Here and elsewhere I adopt the convention that superscripts index individual workers while subscripts

(other than ¢) will continue to denote achievement groups (subscript ¢ continues to denote countries).
1Suppose we run the regression

. 7 . .
log(Wj.) = ac + > bj D}, + €
i=2
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An important feature of regressions (19) and (20) is that, by assumption, the 3,s do not
vary across countries. This is in keeping with out maintained assumptions that technologies
differ across countries only by the augmentation factors to skilled labor, unskilled labor,
and natural and reproducible capital.

Because the 3;s do not vary across countries, and because the intercepts are not of
present interest, it is enough for our purposes to estimate (19) and (20) on data from a
single country. For convenience, I use the USA. In particular, I use the Current Popula-
tion Survey, which is widely regarded as a satisfactorily representative sample of American
workers, including information on earnings, schooling, and other covariates. One short-
coming is that, since 1992, the variable describing educational attainment in the CPS does
not map adequately into the seven achievement subgroups of Barro and Lee. Hence, I use
data from 1991, which is the last year in which such a mapping is easily performed. The
regressions are run on a sample including only white males, and control for a full set of age
dummies. The results are displayed in Table 1. Primary education confers approximately
a 40% productivity increase over no schooling, and reaching secondary schooling a further
20%. Completing college increases productivity by about 50% over completing secondary

schooling.!?

Clearly we have a. = log(Wy.) and b; = 8; for j < 4. For j > 4 we have
log(Wse) + B; = ac + bj,
and so

1Og(WSc) = a.+bs
B, = bj—bs j=6T.

12Needless to say, as in the Mincerian literature, the causal claims in the text should be taken with
proper skepticism due to the usual concerns with omitted variable bias. Nevertheless, in the Mincerian
literature OLS and IV estimates of returns to schooling have generally been relatively close to each other,
presumably because the upward bias conferred by the omission of unobserved ability roughly cancels out
with the downward bias from measurement error. The causal intepretation is therefore less unwarranted

than it appears at first sight.
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Table 1: Efficiency units by attainment group

Unskilled Skilled
No Schooling 0 | Completed Secondary 0
Some Primary 0.32 | Some College 0.14
Completed Primary 0.38 | College and More 0.46
Some Secondary 0.56

Coefficients from equations 19 and 20. CPS data.

Table 2: Summary Statistics for S./U.
Year Obs Min P10 P50 P90 Max Corr w/Y

1995 146 0.003 0.016 0.078 0.253 1 0.38
2005 146 0.004 0.013 0.084 0335 1 0.43

Relative to USA. Px = xth percentile. Y is income per worker.

With these estimates of the s, our estimation of the labor aggregates in (15) and (16)
is complete. Table (2) reports some summary statistics from the cross-section distribution
of S./U. relative to the USA [i.e. the distribution of (S./U.)/(Sus/Uvs)] for the 146
countries in Barro and Lee (2013) for the years 1995 (left panel) and 2005 (right panel).
The choice of years is dictated by the availability of data necessary to estimate skill premia,
as explained below.

In both decades there is enormous variation in the relative supply of skills, with all
countries below the median having less than 10% of the relative supply of skills and, even
at the 90th percentile, still only having between a quarter and a third of the relative supply
of skills of the US (the latter is the country with the largest relative supply of skills in both
subperiods). Between 1995 and 2005 there appears to be some catch up in the relative
supply of skills in the top half of the distribution, but not in the bottom half.

The table also reports correlations with income per-worker, from version 7.1 of the Penn
World tables, again relative to the United States. Not surprisingly these correlations are
positive and indeed quite high. The relationship between the relative supply of skills and
income is further illustrated in Figure 1. In the figure, both axes are in log scales, but the
labels correspond to the absolute values. Each country is represented by its three-letter

World Bank code.
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Figure 1: Cross-Sectional Distribution of the Relative Supply of Skills
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2.3 Estimating The Skill Premium

Because S, and U, are measured in units of workers with no schooling and, respec-
tively, workers with high school completed, the empirical counterpart of the skill-premium
Wse/Wye is the premium conferred by completing high school relative to never having
attended school. Unfortunately, there is no readily accessible data set reporting the high-
school to no-schooling premium for a wide variety of countries. In order to construct
such a data set, one would have to get hold of country-specific microeconomic data and
re-estimate equations (19) and (20) (or the equivalent single-equation version) for each
country in the sample. For each country, the (log of the) ratio Ws./Wy,. would be given
by the difference in the two intercepts (or the coefficient on high-school completed when
the omitted category is no schooling).

Fortunately, a short cut that provides an alternative to this immense task is available.
As 1 described below, it is possible to assemble a cross-country data set reporting Mincerian
returns, or coefficients on years of schooling in regressions for the log wage. Conditional on
our production model, and given knowledge of the distribution of workers by achievement
group, it turns out to be possible to infer the skill premium from the Mincerian return, as
I now show.

Consider a microeconomic data set, from a particular country, with information on
years of schooling s and wages W* for n workers, again indexed by 7.'*> On this data set,

we run the Mincerian regression
logW" = o+ bs" + ¢".

The coefficient b is the Mincerian coefficient. Using the OLS formula, b is

Zi (10g W — Mogw) (Si — [is)
Zi(si — fhg)? 7

b —

where

13In the equations in this section I drop the country subscript as I work exclusively with within-country

data.
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and
1 i
HFogw = n Zlog(W )

Plugging in from equations (19) and (20), we can rewrite the Mincerian coefficient as:
> i<alog Wy + 8,)(s5 — p)ly + 3o 4(log W + B8;) (55 — pg)ly + D2 €i(si — 1)

(85 = 1)l ’
(21)

b:

where s; is years of schooling of attainment group j. Clearly in rewriting the expression for
the Mincerian coefficient this way I am relying heavily on treating years of schooling as a
discrete variable, as implied by the structure of my data. Assuming that the error term ¢;
is uncorrelated with years of schooling s; the last term in the numerator vanishes.!* After

some algebra (see Appendix 1), the last expression can be shown to imply:
b3 (5 = 1)Ly = 32,5 B(s5 — 1)l
Zj>4(8j — p1g)l;

This formula implies that it is possible to recover the skill premium from (i) the Min-

logWg — logWy = (22)

cerian return b (as already indicated); (ii) a measure of years of schooling for each of the
seven attainment subgroups, s;, j = 1,...7; (iii) the shares of each subgroup in the labor
force, I;, j = 1,...7; and (iv) the relative productivity parameters 3;, j = 1,...7.

We obviously have item (iii) for a large cross-section of countries, as discussed in the
previous section. In that section we also constructed the parameters of item (iv). In the
remainder of this section I discuss sources for (i) and (ii).

With Jacopo Ponticelli and Federico Rossi I have created a new cross-country data
set of Mincerian returns in the spirit of Psacharopoulos (e.g. 1994) and Bils and Klenow
(2000). In particular, we have undertaken a broad search of the academic and policy
literature on schooling and labor market outcomes, to extract estimates for b for as many
countries as possible. This search has yielded 81 observations for the period 1989-1999, for
78 of which we have the complementary data from Barro and Lee; and 75 observations (not
necessarily the same countries) for the period subsequent to 2000, for 69 of which we also

have Barro-Lee data.!® All of these estimates, together with their sources, are reported in

14 As already discussed in footnote 12, the assumption that &; and s; are uncorrelated is very strong,

but some solace can be found in the similarity of OLS and IV estimates.
15We collected up to one estimate per country per subperiod.
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Appendix 2, which also provides methodological details.!®

The other item still required for estimating the skill premium using formula (22) is an
estimate of the duration of each attainment level in each country. Data on duration of
primary and secondary schooling are from WDI (2012), while data on duration of higher
education are from Cohen and Soto (2007). Countries not covered by these sources are
assigned the average durations of their “macro region” (as defined by the World Bank).
For each level of education the fraction of the population that does not complete each level
is assigned half the years of schooling of the full duration of that level.}”

The estimated skill premia from the procedure described above feature three very large
outliers, which I will omit from the subsequent analysis.!® On the other hand, I can add a
few direct estimates of Ws./Wy .. from log-wage equations specified in terms of achievement
dummies. These were found in the course of the Mincerian literature search. With these
subtractions and additions, I have 82 observations for the skill premium in 1995 and 84 in
2005.

Summary statistics for skill premia Wg /Wy, (relative to the United States) are reported
in Table 3. Once again there is tremendous cross-country variation in skill premia, and
some indication that the dispersion is growing over time. Also, as expected skill premia
are lower in rich countries, where the relative supply of skills is larger (as we have seen
in the previous section). The actual skill premia are plotted against income per worker in

Figure 2.1

16 A subset of these estimates is also reported in Caselli and Ciccone (2013).
1"The duration data refer to 1995 in WDI (2012) and to various years (depending on the country) in

Cohen and Soto (2007) data. It would be desirable to use duration data from the years when the average
worker attended school. While in principle this could be done with the WDI data (since they include
duration from 1970 onwards), Cohen and Soto report a single observation for each country. In any case
the variation over time within countries is extremely small, so this is unlikely to bias the result. A more
serious concern is that we are treating a given level of attainment, e.g. secondary completed, as conferring
skills that are independent of the number of years required to reach that level - which varies (somewhat)

across countries.
18 The outliers are Jamaica in the 1990s, and Rwanda in both decades.
9The procedures followed here to build the relative supply of skills S/U and the skill premium Wg /Wy

differ from those in Caselli and Coleman (2006). Caselli and Coleman proxy the ;8 by b+ ASj;, where
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skill premium (US

Table 3: Summary Statistics for Ws./ Wy,
Year Obs Min P10 P50 P90 Max Corr w/Y

1995 82 034 0.67 095 1.83 4.01 -0.21
2006 84 0.17 047 082 1.90 5.51 -0.15

Relative to USA. Px = xth percentile. Y is income per worker.
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Figure 2: Cross-Country Distribution of the Skill Premium
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2.4 Calibrating the Elasticity of Substitution

The last input required in order to back out the relative augmentation coefficients (Ags./Ay.)?
from equation (14) is a calibrated value for the elasticity of substitution parameter p. Sev-
eral authors have estimated the elasticity of substitution between skilled and unskilled
labor, as reviewed by Autor et al. (1998). Few if any estimates lie outside the interval
[1,2], and a majority cluster around 1.4 or 1.5. The most credible estimate is probably
the one due to Ciccone and Peri (2005), who use variation across cities in the relative skill
supply instrumented with compulsory-schooling laws. They set high-school completed as
the threshold for skill (hence my choice to do the same), and obtain an estimate of 1.5,

corresponding to a value for p of 1/3.

2.5 The Skill Bias in Technology Across Countries

Table 4 and Figure 3 present the key empirical results of this chapter. Table 4 presents
summary statistics from the cross-country distribution of (Ag./Ay.)? The cross-country
heterogeneity in (Ag./Ay.)? is enormous: the 90th percentile exceeds the 10th percentile
by a factor of 4 in the 1990s, and by a factor of 6 in the 2000s. This implies an emphatic
rejection of the view that technology differences are factor neutral. The relative efficiency
with which skilled- and unskilled-workers are used varies massively across countries.

The table also shows the correlation between the relative augmentation coefficients
(Ase/Ayc)? and income per worker, and their relationship is plotted in Figure 3. Clearly,
there is a strong skill bias in technology differences across countries: skill abundant coun-
tries use skilled labor relatively more efficiently.

It is useful and instructive to investigate which features of the data give rise to this

AS; is the extra years of schooling of attainment group j relative to the benhcmark group for group j (no
schooling or high-school completed); and they proxy Ws /Wy by b- (S5 — S1). Clearly the procedure in
the text is more faithful to the underlying theoretical model. Having said that, the results do not seem

very sensitive to these methodological differences.
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Table 4: Summary Statistics for (As./Av.)?

Year Obs Min P10 P50 P90 Max Corr w/Y

1995 82 0.02 0.11 0.25 047 1 0.36
2006 84 0.01 0.07 0.18 042 1 0.33

Relative to USA. Px = xth percentile. Y is income per worker.
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Figure 3: Skill-Biased Technology Differences
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Figure 4: Actual and Counterfactual relationship between skill premia and skill supply

result. Begin by rewriting (14) in logs:

WSC . ASC LSC
log (WUC> = plog <AUC> +(p—1)log (LUC) ) (23)

Since p = 1/3, if relative augmentation coefficients were uncorrelated with relative skill

supplies a regression of log wage premia on log relative skill supplies should yield a co-

efficient of around -2/3. Now consider Figure 4. In this figure I plot log (Vm‘;—ffc) against

log ( £5<) for the two subperiods. I also plot the unconstrained regression line (solid line),
LUC

and a regression line constrained to have slope equal to -.66 (denoted "Counterfactual
Values").

As predicted by the theory, there is a negative relationship in the data. But the
unconstrained regression line is much flatter than the theoretical one of (p — 1): the slope
is only —0.14 in both periods (standard errors 0.05 and 0.06, respectively). In other words,
skill premia do decline with relative skill supply, as predicted by the theory. But they do

not decline nearly as fast as they should given an elasticity of substitution of 1.5. This
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suggests that there is an omitted variable that is positively correlated with both skill premia
and relative skill supplies. This variables is log (As./Ay.). In particular, it must be that
some technological factor slows down the decline of the relative marginal productivity of
skilled labor as the relative supply of skilled labor increases, i.e. there must be a skill bias
in technology differences.

This discussion also offers us a way of assessing the robustness of the skill-bias result
to alternative choices of the elasticity of substitution. Clearly the higher the elasticity of
substitution, the flatter the predicted relationship between skill premia and skill supplies,
the less we need to appeal to skill bias differences in technology to rationalize the data. So
how large does the elasticity of substitution need to be to eliminate the skill bias result?
Or, in other words, what value of the elasticity of substitution will make the counterfacutal
lines in Figure 4 coincide withe the fitted lines? Since both fitted lines have a slope of -
0.14 the answer is (implicitly) given by solving the equation (1 — p) = 0.14, implying an
elasticity of substitution in excess of 7. This is utterly outside all reasonable bounds for
the elasticity of substitution estimated in the literature.

The evidence in this chapter is of course the cross-country analogue of time-series
evidence of skill-biased technical change over the last decades of the 20th century (to
which I return in the second part of this book). During that period skill premia have
failed to decline, indeed they have risen, during periods where the relative supply of skills
has also increased. Labor economists and macroeconomists have argued that increases in
the relative efficiency of skilled labor have countered the depressing effect on their relative
wages from the increase in their relative supply. Figures 3 and 4, jointly, indicate that a

similar mechanism is required to interpret patters of wage variation across countries.

2.6 Alternative Skill Thresholds

So far I have used “high-school completed” as my threshold for “skilled.” This choice was
dictated by the goal of matching the definition of skilled in Ciccone and Peri (2005), which
is my source for the elasticity of substitution. However, other considerations may militate
in favor of alternative choices of threshold.

Clearly there is no obvious way to establish a prior: which is the best way of splitting

workers into the two broad “unskilled” and “skilled” categories. Workers within each of
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the two sub-aggregates are assumed to be perfect substitutes (though of course with dif-
ferent efficiency units), while workers across sub-aggregates are assumed to be imperfect
substitutes. Heuristically, differences within groups are “quantitative,” some workers are
more productive than others, but differences between groups are “qualitative”: some work-
ers are fundamentally different. Reality is obviously much more nuanced, and drawing an
arbitrary line to classify workers in these two categories is a subjective judgment.

Having said that, one may argue that a definition of “skilled” based on primary school-
ing completed, rather than secondary completed, may more closely capture a “qualitative”
break. This definition roughly separates out the completely illiterate and innumerate from
those who can at least read a simple text (e.g. a simple set of instructions or a newspaper
article) and perform some basic arithmetic operations. There are many tasks that no num-
ber of completely illiterate agents will be able to perform. Beyond the literacy threshold,
most increases in education may be seen to have more of an incremental effect on skills,
in the sense that most (though admittedly not all) production-relevant tasks that require
literacy are accessible to all literate workers — though the less educated will need more
time to perform them. Hence the assumption that all workers who are at least literate are
perfect substitutes is possibly more defensible than the assumption that the completely
illiterate are perfectly substitutable with, say, those with some high school education (but
not with college).

At the other end of the spectrum, others may regard the completion of a college ed-
ucation as the major qualitative step in one’s accumulation of skills. And of course in
empirical work on the US and other rich countries it is customary to identify the college
educated as the skilled in the labor force.

For these reasons, in this section I sketch robustness checks of the skill bias result to
these two alternative choices of the skill threshold. The general strategy is identical to
the one followed in the rest of this chapter but I do take some short cuts to economize on
computations. Instead of re-estimating the equivalent of equations (19) and (20) for the

alternative definitions of skills, I use the formulas

j—1
0.10s;
UC = E e ]Cljc
Jj=1
7
10(sj0—s=
Sc = E 60 O(SJC S]C)ljc
j=j
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to construct the aggregate supplies of skilled and unskilled labor. In these expressions, j is
the attainment level that triggers classification into the skilled pool (e.g. j = 3 when using
completed primary), and, recall, s;. are the years of schooling of a worker with attainment
j. The coefficient 0.10 is the “consensus” estimate of the Mincerian return in the labor
literature. Hence, I am essentially approximating the non-linear model in equations (15)

and (16) by a (log-)linear one. In a similar spirit, I approximate the skill premium by

where, recall, b. is the (country-specific) Mincerian return. I present results using high-
school completion as a threshold, alongside the two alternative thresholds, to verify that
these shortcuts do not lead to excessively different results.

The results for alternative skill thresholds are presented in Table 5. With all three
skill thresholds there is a clear positive association between (Ag./Ay.)” and income per
worker. The correlation using the “secondary completed” threshold is only marginally
larger than using the full procedure to estimate skill premia, so the shortcut described
above is probably harmless. Needless to say these results impose the same elasticity of
substitution of 1.5, irrespective of the skill threshold. To gauge the robustness of these
results to alternative choices of p the last column of the table reports the elasticity of
substitution implied by the regression of log skill premia on log relative supply of skills.
Recall from the discussion above that the (negative of the) inverse of this coefficient is the
elasticity of substitution consistent with no skill bias. It is apparent from the figures in
the table that an absence of skill bias can only be reconciled with the data on wage premia

and relative skill supply when skilled and unskilled workers are near perfect substitutes.

2.7 Implications of Differences in School Quality

The analysis above assumes that workers with the same educational attainment are com-
parable across countries, i.e. they embody similar amounts of cognitive skills. There are
many possible reasons to challenge this assumption. Potential sources of systematic dif-
ferences in cognitive skills include cross-country differences in average health [Weil, 2007,
on-the job learning [Lagakos et al., 2012], school quality [e.g. Hanushek and Woessman,
2012], parental inputs, and others.
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Table 5: Summary Statistics for (Ag./Ap.)”: robustness to skill threshold

Skill Threshold | Year Obs Corr w/Y | Implied EOS
Primary 1995 82 0.45 20
2005 84 0.42 100
Secondary 1995 82 0.41 11
2006 &4 0.36 14
College 1995 82 0.24 20
2005 84 0.23 14

Y is income per worker. Implied EOS is the elasticity of substitution consistent skill neutrality.

If cross-country differences in cognitive skills are invariant across attainment levels
their omission from the analysis has no implication for our estimates of the skill bias.
Their inclusion affects the effective supply of skilled and unskilled labor, but not their
relative supply. But it is the relative supply of skills that enters the calculation of the skill
bias.

But one may be concerned that cognitive-skill differences affect skilled workers dis-
proportionately. Take the case of differences in school quality. Clearly omission of these
differences will not bias the estimated supply of efficiency units by workers with no school-
ing, but they will affect the estimated supply of efficiency units by workers with some
schooling. Furthermore, even among workers with schooling, it is plausible that the effect
of school quality is cumulative. The longer a worker has spent in school, the larger the
impact of school quality on his skill endowment.

Perhaps counter-intuitively, if differences in school quality disproportionately affect
skilled workers, this may result in an underestimate of the skill bias. The reason is the
following. Begin by noticing that school quality is, by all possible measures, positively
correlated with average educational attainment: high observed Lg/Ly is associated with
better quality [e.g. Hanushek and Woessman (2012)]. Therefore, the effective relative
supply of skills Lg/ Ly is underestimated in high observed Lg /Ly countries relative to low
Ls/Ly countries. But then, an even higher Ag/Ay is required in these countries to explain
the relative high relative marginal productivity of skills, as captured by the relative wage.

The following example may help consolidate this intuition. There are only two countries

and only two levels of achievement: no schooling and some schooling. Workers with no
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schooling embody the same amounts of skills in the two countries, but country 2 has better
schools, so workers with schooling embody more skills in country 2 than in country 1. In

particular, the “true” skill endowment S, in country c is

Sc = (1 + QC)Sm

for ¢ = 1,2, where S. measures the share of the labor force with some schooling and
0<q1 < qo.

While equation (14) continues to describe the relationship between “true” relative mar-
ginal products, relative efficiencies, and relative skill supplies, if we use the methodology

of this chapter (which ignores school quality) we retrieve

As.\" W (8 ”_( 1 )(As)
A~Uc B WUC Uc B 1+ dc AUC '

Hence, the greater the school quality, the more underestimated the relative efficiency with

which the country uses skills. Finally, assume that school quality is positively correlated
with attainment, i.e. Sy > S; (note that S. = 1 — U, in the present context). Then, the
extent of skill bias is underestimated as we underestimate Ag/Ay more in the country with
higher (measured and true) relative skill supply. In other words, the omission of cognitive
skills leads to an underestimate of the skill bias!

Note that in writing the latest expression we have implicitly assumed that school quality
does not affect our procedure to back out the skill premium Wg/Wy. In the context of
the current example, this is indeed the case.?’ In the case with many achievement groups,
using in (22) the ;s from a high-school quality country (as I am doing) biases down
the wage premium in low-school quality countries. In particular, if the effect of school

quality cumulate, the ;s will be more steeply increasing in j (within each broad skill

20Equations (20) and (19) become simply log W = log Wy + €* for workers with no schooling and
log W' = log Wy + &' for workers with schooling, but Wy continues to be the marginal productivity of
the average worker with schooling, and hence accurately reflects (country-wide) school quality. Then it is
immediate that the analysis of Section 2.3 delivers Ws/Wy. It may appear that the assumption that & is
uncorrelated with s’ is less tenable in the present setting. But this is not the case as ¢ is a country-level

variable that is the same for all is.
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category) in high-school quality countries than in low school-quality countries. Now a
given value of the Mincerian return can result from different combinations of the “within
group” wage gradient and the “between groups” wage gap. The steeper the within group
wage gradient, the smaller the between group gap. If in low-school quality countries the
within group gradient is flatter than we impose, then the “true” wage premium is larger
than we estimate. Hence, there is a slight (and hard to quantify) element of ambiguity
in the general case with school quality: while the variance of Lg/Ly is underestimated
(leading to an underestimate of the skill bias) the variance of the skill premium is also
underestimated (leading to an overestimate of the skill bias). The fact that only the
former effect is present in the two-schooling levels example leads me to conjecture that it

should be considered the dominant effect.

2.8 Implications of Capital-Skill Complementarity

As discussed in the introductory chapter, there are multiple potential CES nestlings of the
four factors of production I consider in this study. For example, an alternative possibility

would have been
1/w
YC - {(AUCUC)w + [(ASCSC)Q + (AKCKC)G]W/G} : (24)

As emphasized by Krusell, Ohanian, Rios-Rull, and Violante (2000) the potential advan-
tage of this functional form is to allow for a version of capital-skill complementarity. In
particular, if w > # an increase in the supply of physical capital increases the skill premium.
One may thus wonder whether the finding that Ag/Ay is higher in high-income countries
is driven by not having taken into account this capital-skill complementarity effect.

In Caselli and Coleman (2006) we used (24) to perform an exercise similar to that
performed in this chapter. In particular, we backed out not only A, and A,, but also Ay.
This required complementing (14) with an additional equation, based on an international
no-arbitrage condition on the return to capital. We experimented with a wide range of
values for w and for #, finding overwhelming evidence of non neutrality and skill bias. This
was also the case when using the Krusell et al. estimates of these parameters. Since the
Krusell et. al. parameters imply capital-skill complementarity, it is clearly not the case

that the skill bias result is driven by the failure to account for capital-skill complementarity.
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3 Natural and Reproducible Capital

3.1 Estimating the Reproducible-Capital Bias

This chapter seeks to identify possible factor biases in the way different countries use
reproducible and natural capital. The focus is thus equation (11), which for convenience I

repeat here:

. Anre ni/n
Ro= | (Gea) | (25)
Recall that K. is a bundle of capital goods which, combined with labor, is used to produce
GDP, N, is natural capital, and M, is reproducible capital. The goal of the chapter is to
characterize how the ratio of factor efficiencies (Ays./Ane)" varies across countries, and in
particular how it varies with income per worker Y..
Let’s begin as in Chapter 2 by writing the ratio of the marginal products of the two
factors of production. Under perfectly competitive markets for reproducible and natural

capital the system (10)-(12) implies

MPM, [ Ay \" (M (26)
MPN, \ Ap. N, '

As before, then, backing out the skill bias requires three ingredients: relative supply

M./N,.; relative marginal products M PM./MPN,.; and elasticity of substitution n. The
last two are considerably more challenging than in the case of skilled and unskilled labor,

as I explain below.

3.2 Estimating the Relative Supply of Reproducible Capital

World Bank (2011) presents cross-sectional estimates of the total capital stock, as well as
its components, for various years.

The total capital stock includes reproducible capital, but also land, timber, mineral
deposits, and other items that are not included in standard national-account-based data
sets.

For reproducible capital, the Bank uses a standard perpetual-inventory calculation
based on historical investment series. For natural capital, the basic strategy begins with
estimates of the rental flows accruing from different types of natural capital, which are

then capitalized using fixed discount rates. In most cases, the measure of rents is based
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on the value of output from that form of capital in a given year. For subsoil resources,
the World Bank also needs to estimate the future growth of rents and a time horizon to
depletion. For forest products, rents are estimated as the value of timber produced (at local
market prices where possible) minus an estimate of the cost of production. Adjustments
are made for sustainability based on the volume of production and total amount of usable
timberland. The rents to other forest resources are estimated as fixed value per acre for all
nontimber forest. Rents from cropland are estimated as the value of agricultural output
minus production costs. Production costs are taken to be a fixed percentage of output,
where that percentage varies by crop. Pasture land is similarly valued. Protected areas
are valued as if they had the same per-hectare output as crop and pasture land, based on
an opportunity cost argument. Because of data limitations, no good estimates of the value
of urban land are available. A very crude estimate values urban land at 24 percent of the
value of reproducible capital.?!

In the calculations below, I map the notion of reproducible capital (natural capital)
to the variable producedplusurban (natcap) in the World Bank’s data set. The data is
available for 124 countries in 1995 and 151 countries in 2005. However in both years there
are four very large outliers in the distribution of M/N, so I drop them from the rest of
this chapter’s analysis.??> Furthermore I drop countries for which I do not have income per
worker from the Penn World Tables.?® Table 6 reports summary statistics and Figure 5
plots the relative supply of reproducible capital against relative income per worker in the
remaining sample. Similar to the case of the relative supply of skills, there is considerable
dispersion in the relative supply of reproducible capital, with richer countries having a

larger relative endowment of reproducible capital.

21Gee Caselli and Feyrer (2007) for further discussions as well as for checks on the reliability of these

data (though the current data pertain to a revised version of the dataset).
22The outliers are Saint Lucia, Hong Kong, Macao, and Singapore.
23Gaint Kitts and Nevis in both years, and Dominica, Seychelles, and Grenada in 2005.
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relative supply of reproducible capital (US

Table 6: Summary Statistics for M./N,

Year

Obs

Min P10 P50 P90 Max Corr w/Y

1995
2005

120 0.01 0.03 0.14 1.37 5.68
144 0.01 0.04 0.11 145 8.96

0.52
0.50

Relative to USA. Px = xth percentile. Y is income per worker.
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Figure 5: M./N, against Y,
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3.3 Relative Marginal Productivities

Recall that in estimating the skill bias we relied heavily on the relationship between mar-
ginal productivities and wages, and used the fact that wages are observable. Neither of
these is true in the context of reproducible and natural capital: marginal productivities
are not equal to rental rates; furthermore, rental rates are not directly observable. We
therefore follow a somewhat different route.

The rate of return on capital of type X in country c is

MPX, + (1-6)PX]

RORXC = PX )

X=MN

where PX, is the price of capital of type X (in units of the final good) and a *“’” denotes
next-period values. While rates of return are not directly observable, we can appeal once
again to the assumption of (approximate) perfect factor markets, which implies arbitrage

and hence ROR);. = RORy.. With this assumption, we have

MPM,
PM,

PM!  MPN,
PM, PN,

PN!
PN,

+(1-0) +(1-0)

We do not have country-and-type specific data on capital gains PM//PM. and PN!/PN..
It seems plausible, however, that capital gains will represent a relatively small component
of the rate of return. If this is the case, we can assume PM//PM. ~ PN!/PN. ~ 1,

leading to

MPMc _ PM,
MPNc ~ PN,

(27)

3.4 Inferring the Bias Towards Reproducible Capital

Plugging (27) into (26), and rearranging, we get:

AMC K o PMC Mc e (28)
ANc B PNc Nc

Recall from Figure 5 and Table 6 that there is massive variation in M /N across coun-

tries. At the same time, it does not seem plausible that PM./P N, will vary across countries
to an extent sufficient to swamp the variation in relative quantities. As pointed out, among
others, by Hsieh and Klenow (2007), the price of reproducible capital P M, varies very little.

We have no data on PN, but, with natural capital mostly producing tradable commodities,
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and financial capital being fairly movable across countries [e.g. Caselli and Feyrer (2007)],
it seems unlikely that the price of (quality-adjusted) natural capital will vary dramatically
across countries. These considerations suggest that the cross-country pattern of variation
of M/N should be a good proxy for the pattern of variation in (As./An.)". If this is so
we can conclude that technology differences are biased towards reproducible capital, i.e.
that rich countries use reproducible capital relatively efficiently.

The strength of the reproducible-capital bias depends on the elasticity of substitution
1/(1—mn). Unfortunately, to my knowledge there exist no attempts to estimate this elastic-
ity. Introspection suggests the following considerations. At the level of certain individual
industries, substitutability between the two types of capital should be low: agriculture
requires land and tools; mineral extraction requires mineral deposits and equipment suit-
able for extraction. But in many other sectors natural capital plays a very small role
and, in these sectors, it seems that the marginal productivity of reproducible capital is
not significantly affected by the amount of natural capital. If these sectors are sufficiently
dominant it is probably legitimate to assume that the elasticity of substitution is high.
These considerations will be relevant when we interpret the evidence through the lens of

the model of Part II.
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4 Capital and Labor

4.1 Inferring Augmentation Coefficients for Labor and Capital

The previous two chapters looked within the labor input and within the capital input to
detect biases towards skilled labor and, respectively, reproducible capital. In this chapter
we go “up one level” and look at the efficiency with which the aggregate labor input and,
respectively, the aggregate capital input are used in production. In order to do so, we work

with the representation:
~ ~ \O - . \o11l/c
}/c = [(AKCKC> + (ALCLC) :| ) (29)

and we seek to tease out patterns of variation in A ke and ALC.M These coefficients operate
as augmentation coefficients for “natural capital equivalents” K, i.e. the capital input
expressed in efficiency units of natural capital, and “unskilled-labor equivalents” L, or the
labor input in efficiency units of unskilled labor.

We appeal as usual to the implications of (approximately) perfect factor markets to
derive, from the production function above, the identify between factor prices and marginal

productivities:
R B o (Y l1—0o
W, = (A ) (—)
) \L
R B o }/C -0
Rc = <AKC> (?) )

where W, (R.) are the wage (rental rate) per equivalent unit of unskilled labor (natural

24Recall from Section 1.5 that the higher-level production function can be written as

Y. = [(AKCAN(fQ)U + (ALCAUci/(;) a} v ;

where
~ ny1/n
K, = {(Nc)n_’_ (AMCMC) ] ’
ANc
~ Asge p1l/p
i, = |:(Uc)p+< S S)} :
AUc

so that AK(; = AKCANC and ALC = ALCAUC'
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capital). These expressions can be inverted and rearranged to yield:

“ o~ 1/c
~ W.L Y.
A, = Dk} L
Lc ( ch ) Lca (30)
rREN" Y
Ag, = c ¢ -, 1

The ratio outside the parenthesis is a measure of labor (capital) productivity.?> It is highly
intuitive that a high labor (capital) productivity is a symptom of a high level of efficiency in
using the labor (capital) input. The expressions in parenthesis are immediately recognized
as the labor and, respectively, capital, shares in income. A high level of efficiency in using
labor increases the effective supply of labor, and will tend to increase the wage bill if labor
and capital are good substitutes (o > 0), and reduce it if they are poor substitutes (o < 0).

Equations (30) and (31) tell us how we can make inference on A;. and Ay, from
observables. In particular, we need measures of labor and capital inputs L. and K,; a
measure of per-worker income, Y,; the labor and capital shares in GDP; and an estimate
of the elasticity of substitution between labor and capital, 1/(1 — o).

The measurement of L and K was essentially the topic of Chapters 2 and 3. In those
chapters we estimated the relative efficiency of skilled and unskilled labor and the relative
efficiency of reproducible and natural capital. With these relative efficiencies at hand one
can construct the aggregates L and K .20

Now admittedly we were more successful in pinning down L than K, particularly be-
cause an exact estimate of K requires an as-yet-unavailable estimate of the elasticity of
substitution between natural and reproducible capital. Hence, while in this chapter I can
use directly the results from Chapter 2 to measure L, I must take a shortcut to measure
K. In particular, I revert to the benchmark approach of treating natural and reproducible
capital as perfect substitutes. Under this benchmark, we can simply measure K, from the

World bank’s data used in Chapter 3, as the sum of reproducible and physical capital. I

25Here and in the rest of the chapter I use the phrase “labor productivity” in the sense of Y/ i, or output
per unskilled-labor equivalent. To refer to the more usual notion of labor productivity I will conitnue to

use the phrase “income per worker.”
26See footnote 24.
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refer to this sum as total capital.

As in the previous chapters I measure per-worker income from the Penn World Tables.
Note that it is precisely the fact that we know the value of the aggregate to the left hand
side of 29 which allows us to back out the absolute values of the As. In the analysis of
previous chapters we did not observe the value of the aggregate on the left hand side so
all we could do was to take the ratio of (the equivalents of) (30) and (31) and back out
the ratio of the As.?”

Measuring the capital share is another challenge to the implementation of the approach
described above. Traditionally, the capital share is measured from the national accounts as
a residual after employee compensation has been taken out from GDP. With this method,
the capital share is generally found to be higher in poor countries than in rich countries.
However, Gollin (2002) has criticized the construction of the traditional estimates of the
capital share, and has provided revised estimates that — among other things — attempt to
include the labor component of self-employment income in the labor share. These estimates
show essentially no systematic pattern of cross-country variation in capital shares. This has
been confirmed by Bernanke and Gurkaynak (2001), who extended Gollin’s contribution.
Unfortunately these estimates are now quite out of date — Gollin reports the 1980-1995
average of his calculations, and Bernanke and Gurkaynak stop at 1990. It would thus be
pretty heroic to use these figures in combination with our 1995, and — even more so — 2005
values for L, K, and Y.

Another problem is that there is no consensus on the value of the elasticity of substitu-
tion 1/(1 — o). Hamermesh (1986) provides an exhaustive survey, featuring firm, industry,
and country-level studies, both cross-sectional and time series. Unfortunately, he reports a
dismayingly wide range of estimates, both greater and less than one. However, a majority

of the estimates tend to be less than one. Antras (2004) is a relatively recent example.?®

?"Indeed, one could solve the system constituted by one of (30) and (31) and equation (29). The result
would be identical. The properties of the constant returns to scale production function, combined with

national-account identities, imply that from any two of these equations the third follows.
28 As pointed out by Antras (2004), the non-neutrality approach we follow here implies an intrinsic pitfall

in attempting to identifying this parameter. Specifically, many empirical investigations of the elasticity
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Since published estimates of o are neither stable, nor reliable, one could, perhaps, turn
to theoretical considerations. There is of course a tradition of arguing that long-run elas-
ticities are higher than short-run ones, and macro-economic higher than micro-economic.
Ventura (1997) is a particularly convincing example. For our purposes it clearly seems
appropriate to focus on a long-run, aggregate interpretation of the elasticity. However, it
is not clear that these arguments put a lower bound on 1/(1 — o): even accepting that it
is higher than a microeconomic, short-run elasticity, does not necessarily imply that it is,
say, greater than 1.

Combined, the paucity of recent estimates of the capital and labor shares, and the lack
of consensus on the value of the elasticity of substitution, make it difficult to pin down
values for the first of the two multiplicative terms in equations (30) and (31). On the
other hand, there is no particular reason to suspect that Gollin’s headline result of a lack
of systematic correlation between labor shares and income per worker would no longer
hold in more recent times. If we are willing to assume there is still little or no correlation
between labor shares and income per worker, then neither the lack of precise up-to-date
data nor the uncertainty surrounding o prevent us from making inference on A; and Ag.
In particular, irrespective of the value of o, A; and Ax will be roughly proportional to
Y/E and Y/ K, respectively. Or, more precisely, the correlation between Aj, (/ZIK) and
income per worker will be approximately equal to the correlation between Y/L (Y/K) and
income per worker.

Table 7 and Figure 6 present summary statistics and scatterplots of Y/ E, which proxies

of substitution implicitly assume that there is no variation across observations in the relative efficiency
of labor and capital. If Ap and Af vary across observations, then the effective input AxK and AL L
will be mis-measured, perhaps wildly. I believe this may indeed be the reason why estimates of o are
so unstable. I think this point is implicit in the analysis of Diamond, McFadden, and Rodriguez (1978).
If the induced measurement error is random, it seems the bias in the estimate of o should be upwards.
Intuitively, observations with very different input combinatons will appear to have similar output levels,
something that is consistent with a high elasticity of substitution. However, if the As vary systematically,
the bias could also be downward. Suppose, for example, that A, and x are positively correlated across
observations. Then the data will tend to understate the true variation in effective input, so that less

substitutability will appear to be required to explain the observed variation in output.
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Table 7: Summary Statistics for Ay,
Year Obs Min P10 P50 P90 Max Corr w/Y

1995 82 088 1.79 10.22 26.67 63.52 0.61
2006 84 0.86 2.65 14.89 58.17 221.63 0.55

Relative to USA. Px = xth percentile. Y is income per worker.

Table 8: Summary Statistics for Age
Year Obs Min P10 P50 P90 Max Corr w/Y

1995 120 0.24 0.50 091 1.65 2.55 -0.13
2005 144 0.25 055 0.99 1.67 245 -0.26

Relative to USA. Px = xth percentile. Y is income per worker.

for Aj, (up to a multiplicative term uncorrelated with income per worker). In both periods
the cross-country pattern of technology differences is labor augmenting. The higher is
income per worker, the higher the efficiency with which labor is used. This qualitative
pattern is pretty unsurprising: we are using “income per unskilled worker equivalent” as a
proxy for the augmentation coefficient, and it might have been expected that this would
be fairly highly correlated with income per worker — tough of course differences across
countries in schooling could drive a large wedge between the two.

What may seem more surprising is that the USA stands in sharp contrast with the
overall pattern: it has one of the lowest labor productivities in the sample. To understand
this seemingly odd feature it is crucial to remember that L. is quality adjusted. First, it
adjusts for the skill composition of the labor force. Second, it weighs skilled workers by
their relative efficiency compared to unskilled workers. On both counts, the USA has a
massive advantage on all other countries (cfr. Figures 1 and 3, paying close attention on
the axes labels), resulting in an estimated value of Lysa that is absolutely vast compared
to any other country in the sample, both in absolute terms and, more importantly, relative
to the number of workers.

Summary statistics and scatterplots of Y/ K - a proxy for A are reported in Table
8 and Figure 7. Here the surprising result is that capital productivity is decreasing in
per-capita income: richer countries use capital less efficiently. I defer an interpretation of
this result to Part II of the book.

It is worth remarking that, despite the surprising negative correlation of capital ef-
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ficiency with income, the results in this section are easily reconciled with the common
development-accounting wisdom that overall TFP is higher in high-income countries (as
discussed in the introductory chapter). Consider the standard Cobb-Douglas specification
Y, = A.K®L1~*. One way of writing total factor productivity is:

« 11—«
(%) (&) -
K. L.

Hence, the conclusion that rich countries have higher TFP is based on the fact that the
increasing pattern of (Y,/L.)'~® more than compensates for the decreasing pattern in
(Ye/Keo)™.

Obviously these patterns in the absolute values of A, and A also mean that relative
labor efficiency A, / Ay is increasing in per-capita income. Whether this means that tech-
nology differences are biased towards labor or towards capital depends on the elasticity of
substitution 1/(1 — o). The vast majority of estimates of the elasticity of substitution be-
tween capital and labor is below 1, implying o < 0. With ¢ < 0, </~1 L/ A K>0 is decreasing
in per capita income, so technology differences are biased towards capital.

In the next chapter I will present a theoretical framework capable of rationalizing these
findings, including the negative relationship between Y, and Ag., as well as those from
the previous two chapters. First, however, I devote the rest of this chapter to probing the

robustness of the benchmark results above.

4.2 Variable Capital Shares

Besides being somewhat out of date, the Gollin and Bernanke and Gurkaynak data set are
also somewhat small, and developed economies are over-represented. Furthermore, many
untested assumptions have been used to develop these estimates. Hence, the conclusion
that capital shares are not systematically related to labor productivity is not iron tight.
What would it take then to reverse the startling result that poor countries are more efficient
users of capital?

If factor shares vary systematically with per-worker income, then it becomes critical
to know what is the elasticity of substitution 1/(1 — o). Suppose that the capital share
is higher in rich countries. If ¢ > 0 (i.e. capital and human capital are good substitutes

relative to the Cobb-Douglas case), then Ak may conceivably become increasing in income
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[if (R.K,/Y.)"? grows “faster” than Y,/K, falls]. In this case, however, since the labor
share is 1 minus the capital share, the result on A; could also possibly be overturned. If
o < 0 the results from the constant-share case would be reinforced. Symmetrically, if the
capital share is decreasing in income, the negative (positive) correlation between Ax (Ay)
and Y. would be reinforced for ¢ > 0, and weakened (and possibly overturned) if o < 0 .
These observations are summarized in Table 9. Each cell of the table lists the predicted
sign (positive, negative, or ambiguous) for the correlation between Ax and Y (first term)
and between Ay and Y (second term), conditional on the observed patterns of Y,/K, and

Y./ L., under various assumptions on o, and on the correlation between R.K. /Y. and Y,.

Table 9: Predicted Correlations between A x and Y., and A r and Y,

C’orr(Rcf(c/YC,Yc) >0 C’orr(ficf(c/Yc,Yc) =0 COTT(RCf(C/YC,YC) <0

o>0 7,7 -+ -+

o<0 —+ —+ 7,7

The intuition for the way observed factor shares modify our predictions on cross-country
efficiency patterns is simple. If ¢ > 0 the two factors are good substitutes. Because the
two factors are good substitutes, it makes sense to try to increase the usage of the most
efficient factor. Hence, when ¢ > 0 demand will concentrate on the factor with high
efficiency, leading to a high share in income for this factor. Conversely, then, with ¢ > 0,
when we observe a high income share for factor x we can infer that this factor is efficient.
On the other hand, if ¢ < 0 the two factors are poor substitutes. In this case, allocative
efficiency calls for boosting the overall efficiency units provided by the low-efficiency factor.
This increases the income share of this factor. Hence, with o < 0, a high income share for
factor = signals that this factor is used inefficiently.

In sum, skepticism about the greater capital efficiency of poor countries is only autho-
rized if one believes that there is a strong positive correlation between the capital share
and income and o > 0 (or the elasticity of substitution is greater than 1); or if one believes
that there is a strong negative correlation between the capital share and Y, and ¢ < 0. In

all other cases the result from the previous section is robust.
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4.3 A Broader Measure of Labor Inputs

So far in this chapter I have used a measure of L., based on the analysis in chapter 2,
which takes into account the distribution of the labor force among different educational
achievement categories, as well as the skill bias in technology. However, the literature has
identified at least two potential additional factors that affect how the effective (quality-
adjusted) labor input varies across countries. One of these is the health status of the
labor force. The other are the cognitive skills embodied in workers (holding constant the
quantity of schooling).

Weil (2007) has pointed out that healthy workers are more productive, and that overall
rates of morbidity from various illnesses vary substantially across countries. It follows that
it may be important to account for health in constructing cross-country comparisons of
quality-adjusted labor inputs.

In order to account for differences in health, I follow Weil and augment the previously-
constructed measure of L, by the factor exp(8y H.), where H, is the adult survival rate and
B is a parameter that maps variation in adult survival into (proportional) variation in
human capital. The adult survival rate is a statistic computed from age-specific mortality
rates at a point in time. It can be interpreted as the probability of reaching the age of
60, conditional on having reached the age of 15, at current rates of age-specific mortality.
Since most mortality before age 60 is due to illness, the adult survival rate is a reasonably
good proxy for the overall health status of the population at a given point in time. Relative
to more direct measures of health, the advantage of the adult survival rate is that it is
available for a large cross-section of countries.?”

The calibration of 3 is also taken from Weil. He uses times series evidence from a few
countries to establish a mapping between changes in survival rates and changes in height.

This he then combines with micro evidence on the relationship between height and wages,

291 construct the adult survival rate from the World Development Indicators. Specifically, this is the
weighted average of male and female survival rates, weighted by the male and female share in the pop-
ulation. For the “1995” cross-section I use data from 1998, as there are too many missing values in

1995.
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to arrive at an overall mapping between differences in survival rates and differences in
wages/human capital. The resulting value of 8 is 0.65. This means that, if the survival
rate goes from 0 to 1, human capital increases by 65 percent. To put this in context, if the
Mincerian return is 0.10, 1 extra year of schooling generates roughly the same increase in
human capital as a 15 percentage-point increase in the adult survival rate.

Recent research by, e.g., Hanushek and Kimko (2000), Gundlach et al. (2002), and
Hanushek and Woessman (e.g. 2012) has emphasized that there is substantial cross-country
variation in the scores of standardized tests administered to children in given school grades.
There are various possible interpretations of the fact that children in the same school year
perform very differently on similar tests. Clearly one possibility is that the differences in
performance reflect differences in the quality of the education imparted to them. Another
likely possibility is that differences in test scores derive from systematic cross-country
differences in parental inputs and home environments.*’

Irrespective of the interpretation, test score results alert us to differences in human
capital that should be accounted for in building a quality-adjusted measure of labor input.
Ideally, one would have access to a measure of average cognitive ability in the working-age
population. Hanushek and Zhang (2009) report estimates of one such test, the International
Adult Literacy Survey (IALS), but it only features a dozen countries.

As a fallback, I rely on internationally comparable test scores taken by school-age
children. In particular, I will use scores from a science test administered in 2009 to 15 year
olds by PISA (Program for International Student Assessment). Using the notation 7. for
the average test score in country ¢, I then further augment L. by the factor exp(6,T1%),
where (, is a parameter mapping changes in test scores into differences in human capital.

There are in principle several other tests (by subject matter, year of testing, and orga-
nization testing) that could be used in alternative to, or combination with, the 2009 PISA

science test. However there would be only modest gains in country coverage by using or

30Yet another possibility is that differences in test scores are at least in part due to differences in
children’s health. As such they would already be accounted for by the adult-survival correction. However,
as we will see below, test scores are drawn from a subsample of countries with relatively high incomes and

health, so it is likely that in this subsample health is not a major determinant of test scores.
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combining with other years (the PISA tests of 2009 are the ones with the greatest partici-
pation). Focusing only on one test bypasses potentially thorny issues of aggregation across
years, subject, and method of administration. Cross-country correlations in test results
are very high anyway, and very stable over time. Data on test score results are from the
World Bank’s Education Statistics.

Needless to say measuring cognitive skills by the above-described test scores is clearly
very unsatisfactory, as in most cases the tests reflect the cognitive skills of individuals who
have not joined the labor force as of 2005, much less those of the average worker. Implicitly,
then, we are interpreting test-score differences in current children as proxies for test scores
differences in current workers. If different countries have experienced different trends in
cognitive skills of children since 1984 this assumption is problematic.

The 2009 PISA science tests are reported on a scale from 0 to 1000, and they are
normalized so that the average score among OECD countries (i.e. among all pupils taking
the test in this set of countries) is (approximately) 500 and the standard deviation is
(approximately) 100.3! For the calibration of 3 I follow Hanushek and Woessmann (2012),
who advocate a value of 0.002.

In Table 10 I report the correlation with income per worker of the labor efficiencies
implied by alternative measures of the labor input. First I reproduce the result using
schooling only, from the previous subsection. Next I add Weil’s health correction. Finally
I further add the correction for cognitive skills based on Hanushek and Woessman. The
latter addition causes a considerable drop in sample size, due to limits to the availability
of test-result data. The result that richer countries use labor relatively more efficiently

seems very robust.

31T say approximately in parenthesis because the normalization was applied to the 2006 wave of the test.
The 2009 test was graded to be comparable to the 2006 one. Hence, the 2009 mean (standard deviation)
have drifted somewhat away from 500 (100) - though not by much. The PISA math and reading tests
were normalized in 2000 and 2003, respectively, so their mean and standard deviation have drifted away
slightly more from the initial benchmark. This is one reason why I use the science test for my baseline

calculations.
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Table 10: Summary Statistics for A;.: robustness to measurement of labor

Labor measured by Year Obs Corr w/Y
Schooling only 1995 82 0.61
(L) 2005 84 0.55
Schooling and Health 1995 82 0.59
(LoePute) 2005 84 0.54
Schooling, Health, and Tests | 1995 47 0.42
(L ePrtletBrTe) 2005 42 0.50

Y is income per worker.

4.4 Imperfect substitution between reproducible and natural cap-
ital

I now turn to the surprising result that richer countries use capital less efficiently than
poorer ones. In the benchmark calculation I have simply measured K by the World Bank’s
aggregate of natural and reproducible capital. If these two components of the capital stock
are imperfect susbstitutes this is a potentially biased measure, particularly in light of the
vast cross-country variation in the composition of the aggregate capital stock documented
in Chapter 3. I this section I look at how my headline result varies for alternative values
of the elasticity of substitution 1/(1 — 7).

Plugging (28) into (25) we can rewrite the capital stock in units of natural capital as

Pre M\
PNCNC .

K.=N, (1 + (32)

I observe N. directly from my World bank’s data on natural capital (up to a multiplicative
constant). Furthermore, if I continue with the assumption from Chapter 3 that the relative
prices of natural and reproducible capital are fairly similar across countries, I can also proxy
the ratio Py Mc/Pn:N. with the ratio M./N. from the same data set. Then, for each
choice of n I can compute K . and hence Y,/ K, as an alternative proxy for Ageo.

We already know that M /N is positively correlated with income per worker (Table 6,
Figure 5). It turns out that IV is also higher in countries with higher income per worker.
Indeed the correlation coefficients of N, and 1 4+ Py;M¢/PyN,. with Y. are both in the
order of 0.5. When n = 1 this leads to the results we have seen in the benchmark case:

rich countries have much more capital than poor countries and the productivity of capital
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Table 11: Summary Statistics for Ag.: robustness to elasticity of substitution between M,

and N,

1/(1—=mn) | Year Obs Corr w/Y
00 1995 120 -0.13
2005 144 -0.26
1.5 1995 120 -.08
2005 144 -.59
0.5 1995 120 0.37
2005 144 0.32
0 1995 120 0.43
2005 144 0.49

Y is income per worker.

is smaller in poor countries. When 0 < n < 1 differences in Py M¢/Py N, get amplified
(for a given N.) so the result from the benchmark case becomes even stronger. However,
when 7 < 0 (i.e. the elasticity of substitution between natural and reproducible capital
is less than 1) the correlation between the second term in (32) and Y, obviously becomes
negative so the overall correlation between K, and Y, becomes much weaker. In particular,
IE'C now rises less fast than income so that capital productivity Y,/ fQ becomes increasing
in Y,. Table 11 illustrates these mechanisms for various possible values of the elasticity of
substitution between reproducible and natural capital.?

In concluding Chapter 3 I presented a tentative argument that leads me to lean in the
direction of a relatively high choice for 1/(1—n) (in the aggregate). Such arguments would
tend to make the upper part of the table more empirically relevant, lending some further

credence to the conclusion that the efficiency of capital is higher in poor countries.

32In the table the values corresponding to an infinite elasticity of substitution simply reproduce the

benchmark case. The case of a zero elasticity is approximated by setting n to 1000.
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Part II: Interpreting Technology Differences
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5 An Endogenous Technology Framework

In Chapters 2, 3, and 4 we have established the following patterns. Technology differences
are biased towards skilled labor: holding the relative supply of skills constant, the mar-
ginal productivity of skilled labor relative to unskilled labor is higher in richer countries.
Technology differences are also biased towards reproducible capital. Holding constant the
relative supply of reproducible capital, the marginal productivity of reproducible capital
relative to natural capital is (probably) higher in richer countries. Finally, technology dif-
ferences are biased towards labor. Holding the capital-labor ratio constant, the marginal
productivity of labor (measured in units of unskilled labor equivalents) relative to capital
(measured in units of natural capital) is (probably) higher in richer countries. We have
also seen that technology differences are labor augmenting: richer countries use (unskilled
equivalent) labor more efficiently than poorer countries; and capital diminishing: richer
countries use (natural equivalent) capital possibly less efficiently than poorer ones.

In this chapter I present a technology-choice framework capable of rationalizing these
findings. In this framework, firms in each country choose a technology characterized by a
particular combination of efficiency units attached to different inputs. The optimal choice
of technology depends on relative factor prices and, hence, on relative factor supplies. I
first develop the analysis for a production function with only skilled and unskilled labor, in
order to draw out the main intuition. I then extend the model to feature the four factors
of production that I have used in the empirical framework.

To motivate the two-factor version of the model, it is useful to link back to the recent
literature on skilled-biased technical change. This literature has documented substantial
increases in the relative marginal productivity of skilled workers over the last few decades
in the US and in several other industrialized countries [see Autor, Katz, and Krueger (1998)
for a survey]. A canonical example of skilled-biased technical change is the transition from
an assembly line manned by unskilled workers, and supervised by a few skilled workers, to
a computer-controlled facility operated by skilled workers, and where unskilled workers are
at best retained as janitors (if not entirely displaced). In particular, the widely held view
is that the shift from assembly-line type methods to computer-based methods is strongly
skilled-labor augmenting, i.e. it leads to a big increase in the efficiency units associated

with skilled workers. At the same time, since unskilled workers are demoted to janitorial
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roles, if not entirely displaced (to resurface elsewhere in menial jobs) it is plausible that
the same shift leads to a decline in the efficiency units of unskilled workers. Declines in
the efficiency units of unskilled workers over time are documented in Ruiz-Arranz (2002),
and Caselli and Coleman (2002), and are consistent with the fact that absolute wages in
the lower half of the wage distribution have actually declined in the US over much of the
last few decades. I return to this literature in the third part of the book.

Now the switch to the computer-controlled plant is of course a choice by the firm,
since it could have decided to stick to the assembly line. But the fact that rich-country
producers seem largely to have embraced the switch to computer-controlled production
does not mean that firms in poor countries should necessarily make the same choice. In
a country that is skilled-labor abundant, such as the US, it makes sense to expect firms
to adopt more skilled-biased technologies. But in countries that are abundant in unskilled
labor we may expect firms to stick to the old technology, and avoid the loss in the efficient
use of the abundant factor. In this case, we will observe the cross-country skill bias we
document: the skilled-abundant country will have relatively high Ag/Ay compared to the
unskilled-abundant country.

The model generalizes this example by simply allowing a choice from a large number
of technologies, instead of just the two of the example. The basic idea is that in each
country firms choose from a menu of different production methods that differ in the use
they make of skilled and unskilled labor (or natural and reproducible capital, or just capital
and labor). Each of these methods is a different production function. To capture the idea
that different production functions use different inputs more or less efficiently we assume
that all production functions are of the form (7), but they differ in the parameters A; and
As. Hence, we can represent the menu of possible choices of production function by a set
of possible (A, As) pairs. Clearly no country will use a production function characterized
by a certain pair (A;, As) when another production function exists such that both A; and
A, are higher, so only non-dominated (A, As) pairs are relevant. We call this set of non-
dominated (A;, As) pairs a “technology frontier.” I illustrate a possible frontier, for the
case of skilled and unskilled labor, in Figure 8. The locus labelled A is the technology
frontier for country A.

The profit maximizing choice of production function depends of course on factor prices.
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Since factor prices depend on factor endowments, firms in countries with different endow-
ments will operate different production functions. If country A is unskilled-labor abun-
dant, skilled labor will be relatively expensive, so we might expect firms in this country to
choose a technology such as the one represented by point A,, i.e. a relatively unskilled-
complementary technology. If, instead, this country is skill abundant, firms may choose
a technology such as A,. In terms of the existing literature, A, is an appropriate tech-
nology for an unskilled-abundant country, while A, is an appropriate technology for a

skilled-abundant country.

Efficiency of Skilled Labor

Efficiency of Unskilled Labor

A (B) is the technology frontier of country A (B). A, and
B, (A, and B,) are appropriate choices of technology for
unskilled-labor (skilled-labor) rich countries.

Figure 8: Technology Choice and Barriers to Adoption

Aside from the example I opened this subsection with, another way to motivate the
idea of a technology frontier is suggested in an elegant paper by Jones (2005). Jones
argues that a new invention is essentially a draw from the distribution of possible (but
yet to be invented) production functions. Suppose that production functions all have the
functional form (7), but differ in the parameters A; and A, . Then a new idea — a newly
invented production function — can be represented as a point in (A;,As) space. Hence,
technical change is nothing but the progressive “filling up” of the (A;,A3) space with
newly available technologies. At any given point in time firms will choose their production

function from this set of feasible possibilities. Clearly, again, no country will choose a
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dominated technology, so only the subset of non-dominated production functions will be
relevant. Such a set may look like a downward sloping curve in (A, As) space: a technology
frontier.

An important question is how this appropriate-technology idea can be reconciled with
the (more mainstream) view that poor countries face barriers to technology adoption.
This is important because, as discussed in the introductory chapter, the evidence on TFP
differences is so compelling that one would not want to abandon the latter in order to
embrace the former. In order to combine the present appropriate-technology model with
the “barriers” view of technology differences, I let the technology frontiers be country
specific. The idea is that countries with more severe barriers face a more limited set of
choices. In Figure 8 I illustrate this by drawing a separate frontier for country B. Since
country B’s frontier is higher than country A’s, country B has fewer barriers to technology
adoption. On its frontier, country B will choose B, if it is unskilled-labor abundant, and
B, if it is skilled-labor abundant.

The following metaphor may be helpful in thinking about the theoretical framework.
Suppose that in each country there is a library, containing blueprints, or recipes to turn
inputs into output. Each blueprint is associated with a different realization of the effi-
ciency vector. For example, there is a blueprint entitled “computer-controlled processing,”
that leads to high skill-labor efficiency and low unskilled-labor efficiency; and one called
“assembly line” that is associated with an opposite pattern of efficiencies. The different
country-specific frontiers can further be interpreted as library sizes. Some countries have
just a handful of blueprints that fit on a short shelf, while some others have roomfuls of
them.

It should be clear now how combining the “appropriate technology” and the “barrier
to adoption” ideas can rationalize our basic findings. Consider again the world of Figure
8, and imagine that country A is unskilled abundant (and hence uses A,) and country B is
skill abundant (uses By). If the frontiers are relatively close to each other, the appropriate-
technology effect will dominate, and we will observe absolutely higher Ag in country B
(the rich country), and absolutely higher Ay in country A (the poor country). This is the
case depicted in the figure. If instead the frontiers are relatively far apart, the barriers

effect will dominate, and Ag and Ay will be both higher in the rich country. In either case,
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however, the ratio of Ag to Ay is higher in the rich country, i.e. we always have skill bias.

I conclude this discussion by noting that the framework implicitly defines a world tech-
nology frontier. This can be thought of as the “highest” frontier, or the frontier of a
country that faces no barriers. It represents the set of non-dominated (Ay, Ag) combina-
tions dreamed up to date by scientists and management gurus, i.e. it reflects the current
state of human technical knowledge. By introducing new technologies that dominate a
sub-set of the pre-existing ones on the frontier, technological progress shifts this locus
(locally) up.?

The proposed model of endogenous technology choice belongs primarily in the appropriate-
technology literature, which goes back at least to Atkinson and Stiglitz (1969) (who called
it “localized technology”), and has recently been further explored theoretically by Diwan
and Rodrik (1991), Basu and Weil (1998), and Acemoglu and Zilibotti (2001). The key
idea in this literature that is shared by the present model is that countries with different
factor endowments should choose different technologies. The Acemoglu and Zilibotti paper
is particularly closely related in that it focuses on skilled and unskilled labor in order to
interpret patterns in cross-country data. However, a central prediction of their model is
that Ag/Ay is constant across countries, which the evidence presented in Chapter 2 di-
rectly contradicts. On the empirical side, supportive evidence for appropriate technology
has been developed by Caselli and Coleman (2001) and Caselli and Wilson (2004), who
found that cross-country diffusion of R&D intensive technologies is strongly influenced by
factor endowments.

Like all appropriate technology models, the present one is also related to the literature
on induced innovation/directed technical change, which studies the analogous problem of
how factor endowments determine whether technical change will be biased towards certain
factors rather than others. Important contributions in this tradition are Hicks (1932),

Kennedy (1964), Samuelson (1965, 1966), Acemoglu (1998, 2002), and Jones (2005). For-

331 do not take a stand on two questions that are implicit in the foregoing discussion. First, I am agnostic
about the determinants of the position of the world technology frontier in (A, Ag) space. Acemoglu and
Zilibotti (2001) and Jones (2004) present two possible approaches to this question. Second, I am also

agnostic on the sources of country-specific barriers to technology adoption.
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mally the model is closest to Samuelson’s, but the argument that the cross-country skill
bias documented above is driven by endogenous technology choice dictated by skilled-labor
endowments parallels Acemoglu’s (1998) idea that skilled-biased technical change in recent
years is driven by endogenous responses of R&D to changes in the relative supply of skilled

labor.

5.1 The Two-Factor Model

The following simple model formalizes the ideas set out in the previous subsection, and
establishes the conditions under which the intuition that countries will choose technologies
that augment the abundant factor goes through. We will see that the key parameter is the
elasticity of substitution between the two factors of production.

Consider an economy with a large number of competitive firms. Each firm generates
output using a production function of the form (7), which I reproduce here for the special

case of skilled and unskilled labor:

D=

Y = [(AgU)" + (AsS)"]7 . (33)

Firms hire the two labor types taking as given the rental rates Wy, and Wg. The novel
element is that — besides optimally choosing factor inputs — firms also optimally choose the
production function. In particular, they can choose from a menu of production functions
that differ by the parameters Ay and Ag. The menu of feasible technology choices is given
by:

(As)” +7(Av)” < B, (34)

where w, v, and B, all strictly positive, are exogenous parameters. This says that, on the
boundary of the feasible menu — on the technology frontier — changing production function
involves a trade-off between the efficiency of unskilled labor, on the one hand, and the
efficiency of skilled labor, on the other. The parameters v and w govern the trade-off; the
parameter B determines the “height” of the technology frontier. The particular functional
form of equation (34) is dictated by technical convenience, but it is rather flexible, and it
does get at the central idea that there are trade-offs associated with technology choice.
In sum, in each country the representative firm maximizes profits (Y — WyU — W)

with respect to U, S, and Ay and Ag, subject to (33) and (34), the latter with equal-
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ity. I close the model by assuming that the economy’s endowments of U, and S are all
inelastically supplied. An equilibrium is a situation where all firms maximize profits and
all inputs are fully employed.

In the Appendix, I prove the following

Proposition. An equilibrium exists and is unique. If w > p/(1 — p) the equilibrium is
symmetric, in the sense that all firms choose the same technology (Ay, As), and the same
factor ratios, S/U. If w < p/(1—p) the equilibrium is asymmetric, with some firms setting
Ay = 0 and employing only skilled labor, and some others setting As = 0 and employing
only unskilled labor.

The proposition says that condition w > p/(1 — p) is what is needed to rule out
deviations from the symmetric equilibrium, deviations in which a firm chooses a corner
with either Ag = 0 or Ay = 0.>* Its meaning is rather intuitive. When p is low the
two inputs are poor substitutes and firms will want to operate production functions with
positive quantities of both S and U. But if one is going to employ both inputs, it must be
the case that the respective efficiency units Ag and Ay are strictly positive. As p becomes
larger, however, and S and U become better and better substitutes, it makes more and
more sense to use only one of the inputs, and then maximize the efficiency of that input.
For example a firm may choose to set U = 0 and then maximize Ag by also setting Ay = 0.
The condition says that this will happen when p becomes sufficiently large relative to w.
w regulates the concavity of the technology frontier: a higher w pushes the frontier further
away from the origin, i.e. it makes interior technology choices more attractive relative to
the corners. Hence, it makes firms more reluctant to move to the corners. Notice that the
condition for a symmetric equilibrium is always satisfied if p < 0.

I now assume that the condition for existence of a symmetric equilibrium is satisfied,

34Note that a symmetric equilibrium is always interior, in the sense that it features Ag > 0, Ay > 0.
To see this notice that a firm choosing Ag = 0 (Ay = 0) would also always choose S = 0 (U = 0). But

then there must be some other firm making a different technology choice.
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and examine this equilibrium’s properties. Each firm’s first order conditions include
S\ As\* W,
= =) v (35)
U Ay Wy

3 -

The first equation is of course just (14) rearranged. It combines the first order conditions
for U and S. It obviously says that the optimal choice of S/U is decreasing in Wg /Wy .
For p > 0 (good substitutability between skilled labor and unskilled labor) it also says that
the greater the relative efficiency of S, the greater the desired relative employment of S.
For p < 0 (poor substitutability), S/U decreases in Ag/Ay, as the firm tries to boost the
effective input of the inefficient (and hence effectively scarce) input.

The second equation is the first order condition with respect to Ay. It describes how
technology choice depends on the quantities of inputs employed. For p > 0, the symmetric-
equilibrium condition w > p/(1 — p) implies w — p > 0. Hence, equation (36) implies that
firms that employ a lot of skilled labor tend to choose technologies that augment skilled
labor relative to unskilled labor. Conversely, if p < 0, firms tend to direct technology
choice towards the scarce input. Now rewriting this equation as

As\” a1 (S “L—QP
(-
we see that a country always biases its technology choices towards its relative abundant
factor, in the sense that relative marginal productivities are positively correlated with
relative factor supplies.
Straightforward algebra combining the first two conditions leads to the following solu-

tion to the firm’s problem:

A e R
© = () e (37)
S W\ o @n
5 — (Wj) Y (w—p)—wp | (38)

Of course the condition w > p/(1 — p) can be rewritten as wp — (w — p) < 0. Hence, if
p > 0 firms increase the relative efficiency of the relatively cheap factor, while for p < 0
firms focus on increasing the efficiency of the relatively expensive factor. Also, irrespective

of p, relative demand for skilled labor decreases in the relative skilled wage.
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It is straightforward now to move from the firm’s problem to the general equilibrium
of the economy. Since the equilibrium is symmetric, equation (36) holds for S/U equal
to the economy’s endowment. Hence, with p > 0 — i.e. when inputs are relatively good
substitutes — countries with abundant unskilled labor will choose relatively unskilled-labor
augmenting technologies, while with p < 0 — or when inputs are poor substitutes — countries
with abundant unskilled labor will try to boost the productivity of skilled labor. In other
words, when inputs are good substitutes countries make the most of the abundant input,
while when they are poor substitutes it is optimal to increase the effective supply of the
scarce factor. Now recall that empirically the elasticity of substitution 1/(1 — p) is greater
than 1, implying that p > 0. Equation (36) — together with the fact that U/S is higher in
poor countries — is therefore the rationalization of our basic finding or skill bias.

Indeed, if all countries shared the same technology frontier, i.e. if B was the same in
all countries, it would follow directly from (36) and (34) that Ay should always be ab-
solutely higher in poor countries. However, the central message of the barriers-to-adoption
literature is surely right: there are impediments to the diffusion of technology across coun-
tries. As already mentioned one can nest this idea in the model by allowing the technology
frontier in equation (34) to be country-specific. In particular, suppose that the height of
the frontier, B, varies from country to country. It is straightforward to show that in this
case one gets skill bias — it’s equation (36)! — without necessarily implying that absolute
unskilled efficiency is higher in poor countries. In particular, if B is much higher in rich
countries, the absolute levels of both Ag and Ay will be higher in those countries. This

can be seen formally by combining equations (36) and (34) to get:

B 1/w

s = (1+7p/<pw>(5/U)wp/(pw>) (39)
B B/y e

Av = (1+7p/(w—p>(5/U)wp/<w—p>) : (40)

Recalling that w > p is implied by our condition for an interior optimum, this says that
Ag is increasing in both B and S/U, while Ay is increasing in B and decreasing in S/U

(as long as p > 0).
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5.2 The Four-Factor Model and the Evidence

It is straightforward to generalize the two-factor model to feature the four factors I used

in the empirical analysis. The problem faced by each country’s firms is now

{[(AUU)'O + (ASS)'”]“/” + [(Ay M) + (ANN)W]J/U}UU

- W,U—-WgS —RyM — RyN

max
U757M7N7AS7AU7A1VI:AN

s.b. Ys(As)” + 70 (Av)” + v (An)” + 9y (AN)" < B
where the production function is the production function I used in the first part of the
book, and the technology frontier has the same interpretation as in the two-factor model,
but now features a choice among four augmentation coefficients.

Combining the first order conditions with respect to Ag and Ay we obtain:

(-2 ()
Ay Vs U 7
which is the identical result to the two-factor model. Our finding that (Ag/Ay)” is in-
creasing in income per worker can be rationalized if richer countries have a grater relative
supply of skills, S/U. Of course we already know this is true from Chapter 2 (see Figure
1).

By the same token, we get:

n ”72

- ()

Our (tentative) conclusion that (Ay;/Ax)" is increasing in income per worker can be ra-

tionalized if richer countries have a grater relative supply of skills, M/N. Of course we
already know this is true from Chapter 3 (see Figure 5)

In chapter 4 we have also made inferences about the cross-country behavior of A; =
Ap Ay and A = AxgAy. As discussed in Section 1.5 we cannot separately identify Aj,
from Ay and Ax from Ay. Accordingly I have normalized A; and Ag to one in this
section. Hence, flL = Ay and flK = Ay. Using again the first order conditions with

respect to Ay and Ay, we then have

- Y1-o gl=npNm %—n

Ay = Ay=——— 43
o= av= ()T (43)
- Yi-o[l-ryr w%p

Ay = Ap=——"— 44
- v ( ANypw ) 7 4
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The predictions in (43)-(45) are harder to assess empirically, because they depend on

the sign and magnitude of the elasticities o,n, and p. As discussed in part I of the book,
there is little consensus on the first two. They also depend on the value of the unknown
parameter w.

I fall back on a more heuristic approach. As discussed, the intuition behind (41) and
(42) is that technology choice is biased towards the more abundant factor. Within this
logic, our (tentative) conclusion that (fl x/A L)U is increasing in income per worker might
be rationalized if richer countries have a grater relative (quality-adjusted) supply of capital,
K / L. As discussed in Chapter 4 the measurement of K is fraught with uncertainty. With
that caveat, Figure 9 shows that K / L is indeed positively associated with income per
worker when I use my benchmark values for both L and K.

Another prediction of the two-factor model is that (as long as the “intercept” B does

not vary too much across countries) we should observe Ay (Ay) increase (decrease) in K /L
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if ¢ < 0, and decrease if o > 0. Empirically, we found that Ay is decreasing in income,
and hence in K /L, and that A is increasing in income and K /L. Since we also argued
that o < 0 is likely to be the empirically relevant case, these findings are also rationalized

by the model.
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Part III: Technology Differences Over Time
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6 Skilled Labor, Unskilled Labor, and Experience Over
Time

6.1 Introduction

The relative supplies, and relative rewards, of workers with different characteristics are
constantly changing. As in the case of cross-country comparisons, changes in rewards are
partially explained by changes in relative supplies, and partially by non-neutral changes in
technology. The purpose of this chapter is to apply the same techniques that were used in
part I to investigate what the joint behavior of relative wages and relative supplies reveal
about the underlying changes in technology. For ease of access to data and comparability
to the existing literature I focus the analysis on the United States.

I will distinguish workers by two characteristics: skill and experience. In other words, I
allow for a four-fold partition of the labor force: experienced skilled workers, inexperienced
skilled workers, experienced unskilled workers, and inexperienced unskilled workers.

As T already noted in Chapters 1 and 2, the skilled-unskilled dichotomy is the object of a
large literature in labor economics and macroeconomics. While the literature on this topic
has always been active, there has been a peak of interest during the 1990s, in response
to a spectacular increase in the college wage premium - the ratio of wages received by
“college-graduate equivalents” relative to “high-school graduate equivalents”. Most of the
authors who have investigated these changes agree that non-neutral changes in technology
biased towards college graduates — known as skilled-biased technical change (SBTC) — are
an important part of the story. Here I will revisit and update this conclusion using the
techniques already deployed in the cross-country context.

The distinction between experienced and inexperienced workers and, in particular, the
possibility of an “experience” bias in technical change are less common in the literature.
In their classic 1992 paper Katz and Murphy discussed this possibility, but their analytical
framework, unlike mine, was not able to distinguish between SBTC and experience-biased
technical change. I am motivated here to revisit this topic by evidence in, e.g. Card and
Lemieux (2001), Guvenen and Kuruscu (2010), and Acemoglu and Autor (2011) that show

marked differences in the behavior of college premia for younger and older workers. The
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techniques of the book may perhaps help shed light onto these differences.?®

I will work with the following generalization of the functional form for the composite

labor input

~ s AR
L= {[ULY + (AupUB)™]W + A% [SIP* + (AsgSE)]s L. (46)

In this representation, which is essentially Card and Lemieux’s, UI, UE, SI, and SE de-
note the quantities of unskilled inexperienced inputs, unskilled experienced inputs, skilled
inexperienced inputs, and skilled experienced inputs, respectively. The time-invariant co-
efficients 7;; and ng govern the elasticity of substitution between unskilled inexperienced
and unskilled experienced workers, and skilled inexperienced and skilled experienced ones,
respectively. The parameter p continues to govern the elasticity of substitution between un-
skilled and skilled workers. Finally, the time-varying coefficients A identify non-neutralities
in technological change: A%, and A%, capture the “experience bias” within the unskilled
and the skilled group, respectively; A%, captures the skill bias, and has an identical in-
terpretation as (Ag./Ay.)” in the cross-country context. The goal is to characterize the

time-series behavior of these As.

35Recently, Jeong et al. (2015) conclude that there is no need of demand shifts to explain changes over
time in the “price of experience” in the US. However, their conceptual framework is very different from
mine and their notion of the price of experience does not match well with the experience premium analyzed
here. They postulate an aggregate production function defind on two inputs: a “pure labor” input, and an
“experience” input. The price of experience is the relative price between these two. In my framework the
production function is defined over four inputs: experienced/inexperienced high school/college graduates.
The experience premia are the relative wages of experienced workers. It is perhaps possible to argue
that my framework, being defined in terms of bodies, poses fewer measurement challenges than the one
founded on the abstract notions of the overall supply of “pure labor” and “experience”. Interpretation is
also perhaps a bit more straightforward. Boehm and Siegel (2014) combine Jeong et al.’s framework with
a panel-IV strategy. Unlike Jeong et al. their preliminary results do show a significant role for demand

shifts.
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6.1.1 Data

As explained in more detail below, backing out the As that appear in equation (46) requires
time series data on the labor supplies Ul;, UFE;, SE;, SI;, and the corresponding wages
Wy, Wug:, Wsgr, Wsrg. 1 construct these series from data developed by Acemoglu and
Autor (2011), henceforth AA, using the 1963-2008 March CPS samples.

AA make available a variable measuring total annual hours of labor by gender, 5 ed-
ucation categories, and 48 experience categories (i.e. from 0 to 48 years of experience). I
define “inexperienced” all workers with 19 years of experience or less, and “experienced”
those with 20-to-48 years of experience.’® I further define as “unskilled” all high-school
dropouts, high-school graduates, and workers with incomplete college (education cate-
gories 1-3). The “skilled” are those with a college or a post-graduate degree (education
categories 4-5).

AA also compute the average weekly full-time equivalent earnings within each of these
gender-education-experience cells. I pick male, high-school graduates with 10 years of
experience as the reference group for the unskilled-inexperienced category, male high-school
graduates with 30 years of experience as benchmark for the unskilled-experienced group,
and male college graduates with 10 and 30 years of experience as baseline for skilled-
inexperienced and skilled-experienced, respectively. Then, for each gender-education-years
of experience cell I construct a fixed weight given by mean earnings in that cell relative to
the relevant benchmark mean earnings, averaged over the sample period. The idea of these
weights is that they represent an efficiency-unit conversion factor to express hours supplied
by a given cell into hours supplied by the reference cell within the education-experience
category. Using these weights, I construct Ul;, UFE;, SE;, SI; as weighted sums of the
hours supplied by each gender-education-years of experience cell within each of the four
broad education-experience categories.

Figure 10 plots the time series of the labor supplies, in logs and normalized by their

value at the beginning of the sample period. The behavior of the various labor supply

3619 years of experience is the (hours of labor supply weighted) average over time in the CPS (the

unweighted average is 22). Corresponding medians are 18 and 22.
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series is dominated by the rise in skills, with larger fractions of each cohort achieving
college degrees. But also important are demographics, and particularly the baby-boom
cycle. Hence, up to the end of the 1980s, we tend to see faster growth in the inexperienced
groups, and thereafter in the experienced ones as the baby-boom generation transitions
from one to the other. As a result, the grouping that has experienced the largest increase

over the sample period is SF, followed by S1.

T T T T T T
1960 1970 1980 1990 2000 2010
year income earned

unskilled, inexperienced
skilled, inexperienced

unskilled, experienced
skilled, experienced

Figure 10: Labor supply by skill and experience

For each annual data set, AA also regress individual log weekly wages on 5 dummies
corresponding to the five levels of educational attainment, a quartic in experience, a gender
dummy, a race dummy, and several interactions of these variables. They then construct
predicted real log weekly wage series for white workers by gender, 5 educational attainment
categories, and 5 levels of experience, namely 5, 15, 25, 35, and 45 years. I simply take
the predicted wage series for high-school graduates (college graduates) as representative of
the unskilled (skilled) category, and the series for workers with 5 (25) years of experience
as representative of the inexperienced (experienced) category. This gives me (logs of)
Wy, WuEs, Wset, Wsre- These are plotted in Figure 11 (normalized by their initial value).
The pattern that dominates Figure 11 is the well-known stagnation of real labor incomes,

particularly (but not exclusively) for the unskilled.
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Figure 11: Earnings by skill and experience

6.2 Methodology
6.2.1 Estimating experience EOS

I begin by obtaining estimates of the elasticity of substitutions between experienced and
inexperienced workers. Assuming perfectly competitive labor markets, we can derive the

following formulas for the experience premia:

w UEN\" "
wUEt = Aum (U It) : (47)
UIt t
WsEt SE; nsl
= A — . 48
Wsrt Set <S]t ) ( )

Figure 12 plots experience premia and relative supplies of experience for unskilled (left
panel) and skilled workers (right panel). In both cases, relative supplies follow a deep
U-shaped pattern driven by the baby-boom (as discussed above). However, experience
premia do not appear hugely responsive, particularly for skilled workers. This suggests a
fairly large elasticity of substitution between experienced and inexperienced workers.

Nevertheless, the two elasticities of substitution are difficult to identify, as the experi-
ence biases Aygr and Aggr are unobservable. However, the elasticities of substitution can
be identified if we assume

Avpe = XAser + Wy,

where w; is i.i.d. In other words, we assume that the experience bias has a common
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Figure 12: Relative prices and quantities of experience, by educational attainment.

trend for skilled and unskilled workers - presumably a fairly plausible assumption. With

this assumption, we can combine the two expressions for the experience premium into a

Diff-inDiff specification:
WsEt Wy Bt SFE, E,
lo —lo =a+ —1)log — — —1)lo + &4,
& e 08— (g —1)log = 7 (y —1)log — AR

which can be estimated by OLS.
The OLS coefficients (standard errors) from this regression are -.342 (.046) and .303
(.054). These imply that the elasticities of substitutions are

1
= 3.3 and = 2.9,
L —mny 1 —ng

with standard errors 0.586 and 0.392, respectively.’” Not surprisingly, the experienced-
inexperienced elasticities of substitution are quite high.
6.2.2 Backing out experience biases

With estimates of the elasticities 74 and 7, at hand, we can return to equations (47)

and (48) and solve them for the experience biases A%, and A%, These are plotted

3TThe fit of the regression is reasonable, with an R-squared of 0.57 and a mean square error of 0.05.
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Figure 13: Experience bias by skill

(in logs) in figure 13. The figure reveals marked positive trends in the experience bias
for both unskilled and skilled workers, particularly since 1980. Such experience biased
technical change is likely to have occurred within industries and occupations, as automation
(and other advances) have diminished the requirements for physical strength and stamina
(and possibly increased the benefits of experience). At the aggregate level, experience
biased technical change may also be the reduced-form implication of structural changes
that have diminished the weight of sectors where workers perform physical tasks, such as
manufacturing.

To understand this result, refer back to Figure 12. Since 1980 or so, the relative supply
of experience has increased very markedly (in both skill groups), and yet experience premia
have hardly declined. Even with our relatively large estimated elasticities of substitution
between skilled and unskilled workers, the experience premium relative stability in the
face of a large increase in the relative supply of experience must imply that technological
change has been experience biased. Before 1980, the relative supply of skills was declining
in both groups, and both groups duly experienced an increase in the experience premium.
For the unskilled, the increase in the premium was roughly what one would expect given
the estimate of 7, so the experience bias is relatively flat. For the skilled, the increase in
the premium is actually greater than what one would expect given 74, leading to a positive

trend in the skilled experience bias for the early subperiod as well.
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6.2.3 Backing out the skill bias

The skill (or college) premia for inexperienced and experienced workers are given by

wsn _, SI® + AspSEP) TSI (49)
Wurt [U1"” —|—AUEtUEnU]% InU_l

L —
WSEL _ 4 [SI)® + AspiSE}®)7s ™' AspeSE} ™ (50)
Wy Et UL + AppUE] ]% AvglUEY™

Hence, we can back out the skill bias Ag either from data on college premia among
experienced workers, coupled with data on relative supplies augmented with our estimates
of the (skilled) experience bias, or from data on college premia among inexperienced work-
ers. The only additional input required is an estimate of the elasticity of substitution
between skilled and unskilled workers, 1/(1 — o). As elsewhere in the book, we rely on
microeconomic estimates of this elasticity that put it at 1.4.

As noted by Card and Lemieux (2001), the skill premium for a given experience group
depends on (i) the overall skill bias in technology, (ii) the overall relative supply of skills,
and (iii) the relative supply of skills specific to the given experience group. What I have
added here is that technology can have an experience bias, while Card and Lemieux only
allow for a skill bias.

In Figure 14 1 plot the experience-specific skill premium, overall relative supply of skills,

which I define as )
(SIS + AspiSES]ns

[UI" + Ay UEM]7w
and experience-specific relative supply of skills SI/UI and SE/UFE for inexperienced (left

panel) and experienced workers (right panel). As Card and Lemieux point out, the skill
premium for both experience groups has increased overall during the sample period, but the
timing of the increase are quite different, with the skill premium among the inexperienced
rising rapidly since the 1980s while the one for the experienced taking off later and more
gradually. The figures also lends credence to Card and Lemieux’s conclusion that these
different patterns can be understood by noting that the relative experience-specific relative
supply of skills has grown faster and more sharply for the experienced.

But the key trend that dominates both panels is obviously the fact that both skill
premia have risen in the context of a simultaneous large increase in the relative supply of

skills, both overall and experience-group specific. It is this observation that spawned the
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Figure 14: Experience premium by skill and its components

SBTC literature, and led to the conclusion that there must be a positive trend in A?. This
is confirmed in Figure 15, which plots the two variants of Ay backed out from equations
(49) and (50), respectively. The skill bias implied by the experienced skill premium shows
a larger increase than the skill bias implied by the inexperienced skill premium (which
clearly implies that the model does not fit the data quite perfectly), but clearly in both

cases there is a pronounced upward trend.

6.2.4 Summing up

In sum, I confirm many previous findings of a significant skill bias in technical change over
the last 50 years. In addition, I present (novel, I believe) evidence of an experience bias in
technical change over roughly the same period, especially among skilled workers and since
the 1980s.

The theoretical framework from Part II, which we used to interpret the cross-country
findings, can similarly be applied to the time series ones. Given the very large increase in

the relative supply of skills, coupled with the observation that the elasticity of substitution
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Figure 15: Skill-biased technical change

between skilled and unskilled workers is greater than 1, it is not surprising to observe
that firms have adopted increasingly skill-biased technologies. Of course the theoretical
framework takes the menu of technologies as given, which is unsatisfactory in the context
of historical changes. Acemoglu (1998, 2002) shows how to endogenize the skill-bias in a
context of R&D-based technical change.

The data also show a substantial increase in the relative supply of experience since the
early 1980s, coinciding with the maturing of the baby-boom generation. Since we estimate
the elasticity of substitution among experienced and inexperienced workers to be high,
it is again consistent with the theoretical framework that there would be a pronounced
experience bias in this sub-period. However, the supply of experience declined in the 1960s
and 1970s, and we do not observe a corresponding decline in the relative efficiency of
experienced labor over this earlier period. One possible explanation, though, is that the
subsequent, demographic driven, reversal in relative supplies was predictable. Firms that
were aware of the coming acceleration in the relative supply of experience would probably

not have wanted to temporarily switch to inexperienced-biased technologies.
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7 Skills and Capital over Time and Across Countries

7.1 Introduction

Up to now I have applied my techniques to identifying factor biases in technology to either
a broad cross-section of countries, or to a time series for a single country. In this chapter
I bring the approach to a small panel of (industrialized) countries for which minimal data
requirements are met. The intent is twofold: first, to investigate whether the trends in
skill bias observed in the USA are common to other economies. Second, to extend the
time-series analysis to include capital, whereas until now it has been limited to technology
biases among types of workers.

The conceptual framework is given by equations (4) and (6), which I reproduce here

for convenience

Yoo = [(Axet Ket)” + (ALctht)U]l/aa (51)

Le = [(AuaUs)” + (AsaSa))” .

There is no distinction between natural and reproducible capital, but natural capital rep-
resents a relatively small share of the capital input in the countries in the sample with
which I work in this Chapter. I also do not distinguish workers by experience, mostly in
order to keep the framework relatively simple.

The exercise is by now familiar. I will first back out, for each country, the skill bias
(Aset/Ave)? from data on the relative supply of skills and the relative wages of skilled

workers. With the estimated skill bias at hand, I construct labor supply in units of equiv-

~ Ay pq1/pe
Lct = |:(Uct)p + ( - Sct) :| 5
AUct

which I then plug into equation (51). Finally, I use data on overall labor and capital shares

alent unskilled workers as

to back out the augmentation coefficients Ag. and fcht = AraAye from equations (30)

and (31), which I reproduce:




7.2 Data

The source for the panel-data approach is EU-KLEMS, which reports time series for output,
capital, different types of labor, compensation to factors, and several other variables for
13 industrialized countries.

For Y I use the KLEMSs’ series for gross wvalue added. For K 1 use capital services.
Regarding labor types, KLEMS breaks them up into three categories: low-, medium-,
and high-skill. Because of differences in education systems, the boundaries between these
categories are not perfectly comparable across countries. The comparability problem is
especially severe between low- and medium-skill, while the definition of high-skill maps
fairly consistently into having a university degree or higher. For this reason, and also for
consistency with the time-series analysis for the US, I lump the low- and medium-skill
categories into U and reserve the notation S for the high-skill KLEMS measure of labor
supply. In aggregating low- and medium-skill workers to form the U aggregate I weigh
medium-skill workers by their (country specific mean) wage relative to low-skill workers,
as in the previous chapter. KLEMS labor supplies are measured in hours.

There are 24 countries for which I am able to generate time series estimates of Ag/Ay
and Ay, for a maximum of 36 years and a minimum of 11 years. I can generate estimates

of Ak for 22 countries, again with time series observations varying from 11 to 36.%8

7.3 Results

The results for log(Ag/Ay)” are depicted in Figure 16. Skill-biased technical change
emerges as a remarkably global phenomenon. Not a single country fails to register a
positive trend in the relative efficiency of skilled labor.?”

In order to produce estimates for Ax and A; T need an estimate of the elasticity of

substitution 1/(1 — o). As already pointed out at several points, there is considerable

38When necessary and appropriate I splice the data for West Germany and post-unification Germany.
39 At the same time, the cross-sectional relation between relative efficiency of skilled labor and relative

supply of skilled labor is the same that we found in the broader cross-section: in all years skill abundant

countries use skilled-labor more efficiently.
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Figure 16: Time series of log(Ag/Ay)? for OECD countries
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uncertainty about this parameter, but most authors lean towards the conclusion that it is
less than 1. T will use 0.5 as my benchmark estimate. The time series paths of log(Ag) and
log(Ag) implied by this choice of ¢ are shown in Figures 17 and 18, respectively. Each

country’s time series is normalized to its end-of-sample-period value.’

In virtually all
countries there is a positive trend in the efficiency of the labor aggregate, and a negative
trend in the efficiency of capital. The latter result would seem very surprising had we
not already encountered a perfect analog in the cross-section, where richer countries use
capital less efficiently. It does appear that during the growth process countries trade off
the efficiency with which they use labor with the efficiency with which they use capital.
To check that these results are consistent with the theoretical framework in Part II,
Table 12 presents summary statistics about the correlation between the labor bias in tech-
nical change, Ag /Ak, and the relative supply of labor I~L/ K. In line with the model’s
predictions, in all cases bar one there is a strong negative correlation.*! When the elas-
ticity of substitution between two inputs is less than one, technology choice shifts towards

the input that becomes more scarce. In the OECD, K has been growing faster than L, so

the bias in technology has favored labor.*?

40T normalize the data because the levels of Ax and A 1 are not comparable across countries. I use the
end of sample because all countries’ sample periods end in the same year, while the beginning date varies

wildly.
41The one exception, Hungary, has only 11 observations.
42Using an elasticity of substitution greater than 1 (e.g. 1.5) leads to a much less systematic pattern:

in 12 countries the correlation between relative supplies and relative effciciency is negative (which would

be inconsistent wiht the theory if the elasticity was indeed greater than 1), while in 8 it is positive.
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Table 12: Correlations between ALC/AKC and [:C /K. for OECD countries

Country Corr(Ay/Ag,L./K.) Obs
AUS -.94 24
AUT -.95 26
BEL -.95 26
CZE -.87 11
DEW -.93 22
DNK -.94 26
ESP -.92 26
FIN -.95 36
FRA -.93 26
GER -.92 15
HUN .46 11
IRL -.92 18
ITA -.93 36
JPN -.95 33
KOR -.90 29
LUX =37 14
NLD -.92 27
PRT -.90 14
SVN -.89 11
SWE -.87 13

UK -.96 36
USA -.85 36
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8 Conclusions

The aggregate production function is a central tool of most work in macroeconomics.
Most of this work is predicated on a rather inflexible view of how the production function
changes across countries and over time. This view is “linear”: if a country is x percent more
efficient at using one factor of production than another, then it uses all factors x percent
more efficiently. If a country experiences an = percent improvement in the efficiency with
which it uses one factor, then all of its factors’ efficiencies improve by = percent

The results presented in these pages imply that technology and technical change are
more flexible than usually allowed. The efficiency of different factors changes across coun-
tries and over time at different rates. Indeed, in some instances the efficiency with which
one factor is used can decline while the efficiency of others increases.

Since the 1990s, it has been increasingly clear that technical change tends to have a
skill bias. But the evidence from this book shows that non-neutralities are much more
pervasive than that. They also occur across countries, and not just over time. And they
invest a broader set of inputs: not only skilled and unskilled labor, but also experienced
and inexperienced workers, natural and reproducible capital, and a broad labor aggregate
and a broad capital aggregate.

The existence of marked non-neutralities in technology, and even trade-offs in the effi-
ciencies with which different factors are used, should not be surprising. Different countries
have different factor endowments, and factor endowments change over time in a given
country. There is a venerable tradition of economic models in which countries endoge-
nously adapt their technology to their factor endowments, and R&D efforts are re-directed
in response to changes in the supply of different factors. Once again, the mounting evi-
dence of Skilled Biased Technical Change since the 1990s has rekindled some attention to
this class of models. Here I have showed how models along these lines can also be useful
in understanding patterns of non-neutrality among different types of experience groups,
different types of capital, and between labor and capital. The models can also potentially
explain why the efficiency with which some factors are used must sometimes fall to let the
efficiency of other factors increase.

Needless to say, this book merely scratches the surface of the likely patterns of non-

neutrality that exist across countries and over time. To begin with, some of the conclusions

84



presented here are tentative, as they are predicated on parameter values for which our
knowledge is approximate at best, particularly the aggregate elasticity of substitution
between reproducible and natural capital, and (perhaps to a lesser extent, as long as we
accept the widely held view that it is less than 1) the aggregate elasticity of substitution
between labor and capital.

More fundamentally, despite that fact that it relies on more disaggregated measures
of the factors of production than is customary, the present analysis still relies on very
strong assumptions on the substitutability of types within these measures. For example,
high-school graduates are assumed to be perfect substitutes with primary-school gradu-
ates; equipment are perfect substitutes with structures, etc. As soon as our knowledge of
patterns of substitutability within these aggregates improves, it will be possible to uncover
an even richer web of non-neutralities in technology differences.

Finally, the analysis in this book has been entirely focused at the country level as
the basic unit of analysis. Immense progress on understanding non-neutrality in technol-
ogy could come from industry- and (even better) firm-level applications of the techniques

described in this book.
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9 Appendix 1: Proofs and Calculations

9.1 From the Mincerian return to the Skill Premium

Begin with equation (21)

> j<alog Wy + 5;)(s5 — p)ly + 22 5.4(10g Ws + ;) (55 — po)lj + 22 €i(si — )
Z ( T lj’s)zlj
log Wy Z]<4( — p)ly + Zj<46 (s — pg)lj +log Wy Z]>4( — pg)ls + Z]>45 (85 = ps)lJ

2585 — 1s)?l;
log Wi 32 5cq(s5 — 1)ly +1og Wi 37004 (s5 — pg)ls + 325 Bi(s5 — 1)l
285 = 1e)?l;
log Wy Z]<4( — p)ly + log Wy Z]>4( — )l; + log W Zj>4(5j — pg)ls — log Wy Z]>4(

— [ig)

>(s5 = 1g)?
log Wi >~ (s5 — )l + (log Ws —log W) 37 (s — p)ly + 22, B(s5 — )l
Zj(sj — 15)%L;
(log Ws —log Wur) 7o 4(sj — p)li + 22, B5(s5 — we)ly
>;(85 = 1g)?l

The last expression solves for equation (22).

9.2 Existence and uniqueness of symmetric equilibrium

Consider first the optimal choice of inputs for a firm that faces given factor prices Wg, and
Wy, and has a given technology, Ay, As. The solution to the cost-minimization problem

can be shown to give rise to the following cost function:

Wy 7t | (Ws\7 T
<A—U> *(A—J

Note that this cost function also accurately describes minimized costs when Ay or Ag is

p—1

Cost(Wy,Ws;Y) = Y.

zero. Now it is obvious that even if Ay and Ag are chosen by the firm, the choice of factors
must still be cost-minimizing in the above sense. Furthermore, since the cost function is
linear in output the optimal choice of technology must itself be cost minimizing. Hence, the
choice of an optimal technology is a choice of (Ay, Ag) on a country’s technology frontier
that minimizes this cost function.

Make the change of variables D, = (Ay)* and D, = (Ag)“. To simplify the notation,

also write § = p/w(1 — p). We can then write the firm’s problem as
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Min(p, p,} {C’ost(WU, Ws:Y) = |(Wy)o T (Dy)? + (Ws)o (DS)"] v Y} .

Subject to : Dy +vD, = B.

Consider first the case where § < 1, or w > p/(1—p). It is clear in this case that the firm’s
problem has a unique interior solution. Hence if this condition is satisfied all firms choose
the same interior technology. The particular technology choice depends on factor prices.
From the first order conditions for an interior optimum, we have (38) — which shows that
if firms are in a symmetric equilibrium there is a unique equilibrium wage ratio for given
S/U. Hence, we have existence and uniqueness in the < 1 case.

For the 6 > 1 case it is immediate that the firm cost-minimization problem requires
firms to be at a corner, with either Ag = S = 0 or Ay = U = 0. The zero-profit
condition for firms choosing the former strategy is (Wy/(B/v)"*) = 1, where the left-side
term is the unit production cost and the right-side is the unit revenue. Similarly, for firms
choosing the latter strategy we have (WS /BY “’) = 1. These two conditions identify unique
equilibrium values of Wy, and Ws. Note that at these factor prices firms are indifferent
between hiring only skilled workers or only unskilled workers. This indifference guarantees

full employment.
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10 Appendix 2: A New Data Set on Mincerian Re-
turns
With Jacopo Ponticelli and Federico Rossi

What is the economic value of an additional year of schooling? How and why does
it vary across countries? These questions are at the core of the field of labor economics,
and have received enormous attention in the last few decades. The implications of the
answers are obviously far reaching, from the design of educational policy to the evaluation
of the importance of human capital as a source of differences in standards of living across
countries.

The workhorse empirical model to estimate the returns to education is the human
capital earning function introduced by Mincer (1974), where the logarithm of earnings
is regressed on years of schooling and a quadratic function of years of experience. This
specification has strong theoretical foundations, being the outcome of a standard Ben-
Porath (1967) model of human capital accumulation, and, given its simplicity, has been
shown to fit the data remarkably well.*3

In the last few decades, George Psacharopoulos and his coauthors have provided a great
service to the profession by compiling extensive collections of estimates of the returns to
education for a wide range of countries (Psacharopoulos, 1981, 1985, 1994; Psacharopoulos
et al., 2004). These estimates have been extensively used to analyze cross country patterns
and evaluate the contribution of human capital to economic growth.

The latest available estimates in the aforementioned collections (Psacharopoulos et al.,
2004) are, for most countries, relative to the 1980s. In the last twenty years, however,
there has been a burgeoning of new studies estimating the returns to education in different
countries, thanks to a wealth of new data and econometric techniques which have become
available. In this appendix we present a new collection of Mincerian coefficients estimated
with data relative to more recent years. In particular, the data set includes up to two

estimates for each country, one for the 1989-1999 period and one for the 2000s; these

#3Gee Card (1999), Heckman et al. (2003), Lemieux (2006) and Polachek (2008) for extensive reviews.
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estimates come from a large number of academic papers and technical reports (see the
Appendix for a list of sources).

The appendix is structured as follows. Section 2 describes the data collection process
and the coverage of the data set. Section 3 offers an overview of the main patterns emerging

from the data, and Section 4 concludes.

10.1 Sources and Criteria

In the latest review, Psacharopoulos et al. (2004) emphasize the importance of a selective
approach in selecting estimates of returns to education reasonably comparable across coun-
tries. In this section we describe the criteria we adopted for the inclusion of an estimate
in our data set.

Ideally, we would want to limit ourselves to estimates coming from nationally repre-
sentative samples, specifications with exactly the same controls and variables perfectly
comparable across countries. Since this would limit our collection to a handful of ob-
servations, some compromise is in order to be able to perform meaningful cross country
comparisons.

The estimates included in our data set come from a large number of academic papers
and technical reports (see the Appendix for a list of sources). Most of these studies are
published in peer reviewed journals; however, to broaden the coverage we included also
unpublished works as long as they met adequate standards in terms of sample size, data
quality and econometric implementation.

In order to ensure comparability, when selecting the estimates we tried to stick as close
as possible to the standard Mincerian specification, which includes years of schooling,
experience and experience squared as controls. Many papers we have surveyed estimate
richer models, controlling for other individual characteristics; luckily for our purposes,
results from the baseline specification are often included as well. A particularly common
practice is the inclusion of occupational or sectorial dummies: given the occupation is itself

an outcome influenced by education, the regression does not have a causal interpretation.**

41See Angrist et al. (2009) for a detailed discussion of the "bad control" problem.
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We therefore do not include estimates affected by this problem.

Another obstacle for a direct comparison across studies is that exact definition of the
dependent variable depends on the context. Whenever possible, we give preference to mea-
sures of hourly gross earnings, which are not directly affected by differences in labor supply
(part time versus full time workers) across individuals and in taxation across countries.

As noted by Psacharopoulos et al. (2004), estimates coming from samples of workers
employed in the public sector pose additional problems, since their wages are likely not
the reflect the market ones. We therefore limit ourselves to studies relative to the private
sector.

Finally, as an alternative to the log-linear specification, many papers in the literature
estimate models where the returns to schooling are allowed to vary depending on the stage
of education. In particular, a common specification consists in regressing the logarithm of
earnings on dummies corresponding to the highest level of completed schooling (primary,
secondary and higher) on top of the usual experience controls. As shown in chapter 2, under
some assumptions we can establish a one-to-one mapping between these coefficients and the
Mincerian return corresponding to the classic log-linear specification. We therefore follow
this method to compute the implied returns and include them whenever an alternative
estimate coming from a log-linear specification is not available.

This leaves us with a total of 87 observations for the 1990s and 91 for the 2000s. Many
of the countries included in this collection were not part of the ones previously available,

allowing us to provide a more complete picture on the international patterns.

10.2 The Main Patterns

The average returns to education by region are shown in Table 13. Overall, the average
for all observations included in the data set is 8.70% for the 1990s and 8.22% for the
2000s; these are approximately 1 percentage point lower compared to Psacharopoulos et
al. (2004). For what concerns regional differences, countries in Latin America and the
Caribbean stand out for having the highest returns in 1995 | on average just below 11%,
while countries in South-East Asia and the Pacific have the highest returns in 2005; coun-
tries in the Advanced Economies group (as classified by the World Bank) have instead

returns below the world average.
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Year

Region 1995 2005
Advanced Economies 7.79 7.36
Europe and Central Asia 7.37 7.03
Latin America and the Caribbean 10.85  8.17
Africa and Middle East 8.41 8.47
South - East Asia and the Pacific 8.62  10.58
World 8.70 8.22

Table 13: Regional Averages of Mincerian Coefficients

We now move to consider the correlation between estimated returns and the level of
economic development. On a theoretical ground, the relationship is ambiguous: on one
hand richer countries are endowed with a larger share of educated workers, and if skilled
labor is subject to decreasing returns we should expect lower returns there; on the other
hand, the availability of more educated workers could encourage firms to adopt more skill-
intensive technologies, widening the productivity gap between skilled and unskilled labor.*?
According to the estimates we have collected, there does not appear to be a systematic
relationship between returns to schooling and real GDP per capita, either in the 1990s or
in the 2000s (Figure 19). Even excluding the two outliers (Jamaica for the 1990s and Malta
for the 2000s), the correlation remains slightly negative and not significantly different from
zero at standard confidence levels.

Similar conclusions hold with respect to the relationship with average years of schooling

(Figure 20).40-47

45Moreover, countries’ demographic structures and TFP levels might affect the estimated returns, leading

to cross country differences; see Seshadri et al. (2014) for a version of this argument
46 An exception is represented by the downward relationship between returns to education and average

years of schooling in 1995. Excluding the outlier Jamaica, a regression of Mincerian coefficients on years

of schooling (and a constant) yields an estimated slope of -0.34, significant at the 5% confidence level.
4TUsing an extended version of the dataset constructed by Psacharopoulos et al. (2004), Banerjee et

al. (2005) find a small but significant negative relationship between Mincerian returns and both GDP per
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Table 14 shows the average returns by gender. In both decades women experience
substantially higher returns than men; this is consistent with the pattern documented in
previous collections. In recent work, Pitt et al. (2012) document that this gap in returns
to schooling can not simply be ascribed to differences in the quantity of education across
genders, since in most countries women have higher educational attainment than men.
They instead propose an explanation based on comparative advantage due to biological

differences in the endowment of skill and brawn.

Year
Gender 1995 2005
Men 9.12 7.82
Women 10.01  9.52

Table 14: Average Mincerian Coefficients across Genders

capita and average years of schooling.
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Mincerian Coefficients

Country 1990s 2000s
Algeria 2.2
Argentina 9.6 114
Australia 6 13
Austria 7.9 6.7
Bangladesh 10
Belgium 7 4.9
Belize 6.5

Benin 10.1*
Bolivia 7.1 10.3
Bosnia and Herzegovina 9
Botswana 16 15
Brazil 14.7 15.7
Bulgaria 5.3 7.2
Cambodia 2.9 7.2
Cameroon 6.1%

Canada 8.9

Chile 13.2 12
China 5.4 12.1
Colombia 9.6 10.5
Costa Rica 8.5 3.4%
Cote d’Ivoire 11.4*
Croatia 5 6.9
Cyprus 5.2

Czech Republic 4.4 6.6
Denmark 2.3

Dominican Republic 9.4 2.3*
Ecuador 6.4* 4.4*
Egypt 5.2 5.4
El Salvador 7.6 3.5*
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Eritrea 11
Ethiopia 14.7

Finland 9.2 9
France 7.8 7.4
Gambia 6.8

Georgia 1.1
Germany 8.7 7
Ghana 7.1

Greece 7.6 3.5
Guatemala 14.9 12.6
Haiti 12.6*
Honduras 9.3 6.9*
Hong Kong 12

Hungary 8.8 11.1
India 10.4 8.5
Indonesia 7.8 11.4
Iran 7.6
Ireland 10.9 9.5
Israel 5.7 12.1
Italy 6.9 4.3
Jamaica 28.8 1.17
Japan 8.3

Jordan 6.7
Kazakhstan 9.6
Kenya 7.3*

Kuwait 7.3 4.8
Latvia 6.7 7.8
Lesotho 12.4

Libya 6.8

Luxembourg 8.3
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Macedonia 5.9
Malaysia 8.7 10
Mali 7.7*
Malta 25.7
Mexico 7.6 11.3
Moldova 7.5
Mongolia 8.5
Morocco 9.9 2.8
Nepal 6

Netherlands 6.7

New Zealand 3.1

Nicaragua 12.1 4.4*
Niger 11.4*
Nigeria 4.8 4.5
Northern Ireland 16

Norway 5.5 7.9
Pakistan 15.4 9.3
Palestine 5.4
Panama 13.7 4.7*
Paraguay 11.5 3.3
Peru 8.1 10.3
Philippines 12.6 15.8
Poland 7.9 10.6
Portugal 10.9 7.9
Qatar 4.5
Romania 6.7 8.5
Russia 8.3 7.4
Rwanda 17.5 17.5
Senegal 2.7
Serbia 6.7
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Singapore 13.1 13.7
Slovak Republic 6.1 6.1
Slovenia 9.5 8.2
South Africa 4.1 9.1
South Korea 2.7

Spain 8.4 4.5
Sri Lanka 8.6
Sudan 6.1 2.1
Sweden 3.5 6.1
Switzerland 9.2

Syria 4.3
Tajikistan 1.8
Tanzania 8.3
Thailand 10.3 15.2
Togo 11*
Turkey 8.3 11.1
Ukraine 3.7 4.5
United Kingdom 10.3 6.6
United States 10.5 12.3
Uruguay 9.7 11.9
Venezuela 8.7 11
Vietnam 4.8 7.2
Zambia 10.9

Zimbabwe 5.9*

Notes: Subscript * indicates that the Mincerian return
was constructed from the secondary school premium, as

described in the text.
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