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Abstract

We estimate the contribution of human capitd in the form of schooling, work experience, and
hedlth to the rate of growth of aggregate income. Our macro estimates for the effect of average
schooling on aggregate output are consstent with micro estimates of the effects of individud
schooling on earnings based on the Mincer earnings function, and suggest that there are no
externditiesto education. In addition, we find that improvements in hedth have a postive
effect on aggregate output, which is again congstent with microeconomic findings of the effect of
hedlth status on wages. However, we find no evidence that increasing the average experience
level of the workforce increases aggregate output. Overal, our result suggest the absence of
large externdities and that cdibrating growth models usng microeconomic evidence on factor
returns gives results that are compatible with the macroeconomic data.

Our estimates are based on estimating an aggregate production function. Two key
issues when using this approach are the modding of cross country differencesin total factor
productivity and dedling with reverse causdity from output to factor inputs. We modd steady-
date tota factor productivity in each country as depending on world technology and the
country’s geography and ingtitutiona structures. However, we find that a country’s actua
productivity level can be far from this steady state, and that countries converge towards their
seady date productivity levels a afarly dow rate. We identify the effect of inputs on output by
assuming that while current inputs may depend on current output, and predicted productivity
growth, they are uncorrdated with future productivity shocks.



1. Introduction
Thereisno doubt that labor qudity in the form of human capita makes an important
contribution to economic growth. However, most cross-country studies of thisissue have
focused fairly narrowly on the role of education. Thisis somewhat at odds with the
microeconomic literature which takes awider view of the concept of human capitd; thereis
extensive evidence that earnings depend on work experience (e.g. see Mincer 1974) and hedlth
satus (e.g. see Strauss and Thomas 1998), as well as years of schooling. We congtruct macro-
economic measures of these variables to study to what extent the microeconomic evidence of
their importance as forms of human carries over into their ability to explain economic growth.
To investigate these issues we congruct an aggregate production function in which output is
determined by these labor and human capitd inputs, as well as physica capitd and tota factor
productivity. We then estimate this production function using pand data for the period 1960-
1990.

One important issue in estimating such a production function is how to mode totd factor
productivity, TFP. One gpproach isto take TFP levelsto be the same in every country (e.g.
see Mankiw, Romer, and Waell (1992)). However, it has been forcefully argued that there are
persistent cross country differencesin TFP levels and TFP growth (e.g. Prescott 1998, Temple
(1999). We mode these cross-country differences in TFP by assuming that that each country’s
TFP converges dowly towards its steedy state level and that this steady State itsalf may vary
across countries depending on their characterigtics (such as geography and indtitutions) but

grows over time with worldwide technica progress. Thisis redly amodd of dow technologica



diffuson, but with the possibility that countries have different seedy state levels of TFP, which
we find intringcaly gopeding.

A second important issue is reverse causdity. It seemslikely that higher income leads
to higher levels of invest in physica and human capitd and may lead to better hedth (eg. see
Bils and Klenow (2000), Pritchett and Summers (1996)). We identify the effect of inputs on
output by assuming that while current inputs may depend on current output, and predicted
productivity growth, they are uncorrdated with future productivity shocks.

We estimate dl the parametersin our model. An dternative gpproach isto cdibrate the
mode using micro-economic evidence on parameter values (e.g. Young (1994, 1995) , Klenow
and Rodriguez-Clare (1997), Prescott (1998)). The potentid advantage of estimation using
macro-datais our ability to pick up externdities that may only be gpparent at the aggregate
leve.

Surprisngly, we find that our al our parameter estimates are very close to those found
in microeconomic studies; indeed, the differences between our parameter estimates and the
averages found in micro-dudies are usudly satidicdly indgnificant. We find no evidence that
there are pogitive externdities human capitd in the form of schooling and experience (or that
such externdities are too smdl for usto detect) and that cdibration gives agood picture of the
growth process. We find smdl but sgnificant effects of health on human capitd and output. In
addition, we find congtant returns to scale and that countries TFPs are converging towards their

steady state levels at about 2.5% a year.



Section 2 describes our theoretical modedl and its properties. Section 3 describes our
data set. Estimation results are reported and discussed in Section 4 and Section 5 gives our

conclusions.

2. Theory

We assume that we can decompose economic growth into two sources: growth in the
level of inputs and growth in total factor productivity (i.e. the efficiency with which those inputs
are used).

While we wish to estimate the parameters of the production function directly from the
data, we use factor share data and empirica results from labor economics to help us specify a
functiond form. The relative constancy of the shares of capital and labor in tota income across
the world suggests a Cobb-Douglas functiond form for these inputs (though Duffy and
Papageorgiou (2000) employ amore genera function form).

For human capita the story isalittle more difficult Snce we need to separate out the
reward to human capita from the reward to raw labor in the wage bill. Unfortunately wage
payments do not distinguish between these two rewards and so thisis more than just an
accounting issue. However, we have many microeconomic studies of the effect of human
capital on wages, based on Mincer’s (1974) pioneering work on human capita. This

relationship, both theoreticaly and empiricaly, appears to have the following form:
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where w; isthe wage of individud |, § is his years of schooling, and exp; is his years of
experience. Note that the semi-log form of the rdationship implies that the human capitd
variables exert amultiplicative rather than additive effect on wages. The margina product of an

extrayear of schooling is agw i The coefficient a4 is therefore rate of return to schooling

(assuming that the only cost of schooling are foregone earnings of student ). In this framework
the rate of return to education is the same for each worker.

A smple decomposition of the wage bill in the U.S.A. using this approach gives about
haf the bill being areturn to pure labor, a quarter being areturn to education and the remaining
quarter being areturn to experience. This suggests that experience plays alargerole in labor
productivity and should be given roughly equd billing with schooling when we think about
human capitd. Bils and Klenow (1998) report estimates of this equation for 52 countries based
on the work of Psacharopoulos (1994). Taking crude averages of the parameter estimates, we
find a coefficdent of 0.091 on schooling, 0.051 on experience and —0.0007 on experience
sguared. Thisimpliesthat each year of education raises subsequent wages by about 9% while
wages rase with experience a firgt but eventudly fal, with the optima level of experience being
around 36 years.

Strauss and Thomas (1998) argue that good hedlth is dso associated with higher wages
in micro-data and that we should regard hedlth as aform of human capitd. Thereisnot yet a
consensus on the magnitude of this hedth effect, but Strauss and Thomeas report results which

suggest that variations in wages for hedlth reasons may be asleast as greet as those due to



education. Hedlth, in the form of life expectancy, has appeared in many gross country growth
regressons and found to be sgnificant but in these regressonsiit is unclear if hedth is beneficid
to growth of if it ismerely aproxy for other factors (e.g. see Barro and Sdai-Martin (1995)).
By induding hedth in awell specified production function we hope to be able to isolate the
effect of hedth on labor productivity.

We wish to estimate an aggregate production function that is competible with the
Mincer wage equation and compare the results with these micro-estimates. An andysis of the
returns to education and experience reported in Bils and Klenow (1998) suggests that the rates
of return are fairly congtant across countries and do not vary systematicaly with nationd income
leve or average years of schooling of the workforce. This makes using a Cobb-Douglas
production function including education problematic; with a Cobb-Douglas the rate of return to
education (the margind product of education divided by its cost, the output lost by withdrawing
aworker from the labor force, that is, the margina product of |abor) fals one for one with
average years of schooling of the workforce.

Instead we consider the aggregate production function

2
Y = AKaLbefls+fze<p+fsexp +f4h )

where Y istota GDP, A represents TFP, K isthe physical capital stock and L isthe
labor force. Human capitd ismodeled using s, the average years of schooling of the workforce,

exp, the average experience level of the workforce, exp? the average of experience squared (we



sguare each workers experience before averaging), and h, the average leved of hedlth, which we

proxy with life expectancy.

In this framework, the margina product of aworker with average human capitd is

b% (thisisthe increase in output associated with an extraworker holding congtant the

average level of human capitd, i.e. the extraworker is assumed to have the average leve of

human capita, which does not change). On the other hand the margind product of extra year of

education is f 1% (throughout we assume that al education takes place a the Sart of a

worker’s career so that the wage forgone has no experience component). It followsthat, if we

assume that the only cost of education isthe lost output of the worker being educated, an extra

year of education for an average worker has asocid rate of returrt* of f % . Theintuition for

thisratio isthat the extra year of schooling adds proportionately to output, but its cost iswage

forgone which depends on labor’ s share of output. Using this we can compare the results of

estimating a production function like (2) with the rates of return found in (1). Smilarly, f%

and f % can be compared with the coefficients a, and a3 in equation (1).

However, this analysis only gives the rate of socid return for an average worker. We

can calculate the socid rate of return for aworker with s; years of educetion as

fq

b+fi(sj-9) ®)

* The social rate of return is sometimes used to denote the return to schooling in terms of wage premium
relative to the cost of both student time and teaching inputs. Here we mean use it to mean increasein



which implies that different workers face different rates of return to education. This problem
must occur in any modd in which aggregate output depends only on average (or totd) years of
schooling since, in this case, the margind benefit of a extrayear of schooling is the same no
matter who hasit, while the cost in term of output forgone is lower for workers with low levels
of education than for those with high levels of education. If we want to have an aggregate
production function that preserves the Mincer equation property that the rate of return to
education is congtant across workers it needs to include the distribution, as well as the average
leve, of human capitdl.

In the interests of smplicity we assume only the total stock of education matters, not its
digribution. We can, however, cdculate the rate of return to a policy of increesing everyone's
education level by the same amount and compare this with the microeconomic estimates from

(1). Increasing everyon€e' s educetion by the same amount has the margina product f ;Y while

the wages forgone are g (b +f 1(sj - 9)Y =DbY, sotherate of return to apolicy of
i

universd schoolingisagan f1/b.

It isworth comparing our approach with the “ aggregate Mincer equation” methodology
used by Heckman and Klenow (1997) and Krueger and Lindahl (2000). They argue that the
socid rate of return to education in (2) issmply fq and it isthis that should be compared with
the rate of return estimates in micro equations. Thisis clearly incongistent with our gpproach.
We argue that the reason for the apparent inconsistency is that the “aggregate Mincer equation”

goproach implicitly assumes that the wage of aworker with no education is independent of the

aggregate output relative to the cost of student time, which is directly comparable to the estimates of the



average level of education in the workforce. The production function we use implies that the
wage of such aworker does depend on the other inputs in the economy, and in particular the
average leve of education, and so in our framework such an assumption would not be
gopropriate. Thisisdiscussed in detail in Appendix I.

Taking logs of the aggregate production function, we can derive an equation for the log
of aggregate output in country i at timet

Y =@, tak, +bl; +f1§t +f29(pit+f3expi2t+f4hn 5)

whereyi, ki, and iy arethe logs of Yj, Kit, and L;; respectively. Equation (5) is an identity, but
in practice g;; , the level of total factor productivity in country i a timet, is not observed and
gppears as an error term in the equation when we come to estimation.

The problem is, how are we to modd this error term? One way to modd thisisto
assume that the noise term in the production function contains a fixed effect, so that countries
have different levels of TFP and these differentids are constant over time (e.g. Idam (1995),
Caddli, Esquivd and Lefort (1996)). Thisimpliesthat while countries have different levels of
TFP the growth of rate of TFP is constant across countries. However, diffusion of technology
might lead us to expect that while cross-country TFP levels do differ, they converge (dowly)
over time.

Thisleads us to modd TFP as following the process

aj; = ajy +Vjy Where viy =rvi 11 +6¢ (6)

private return in the literature which measure wage premium relative only to cost of student time.
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where g; isarandom shock. Each country has along run steady state level of TFP given by
a;;. Onesimple approach istoimagethat a;, isthe samefor every country so that a;; = a, .
Inthiscase, vi; represents a country specific deviation from the common world technologica
leve at timet. Thisdeviation from steady state TFP levels may be persistent, but as time passes
TFP levels converge the world TFP leve at therate 1- r . The speed a which TFP converges
measures the speed of technologicd diffuson.

However, while technology may eventudly diffuse, some countries may enjoy long run
advantages in TFP that do not get eroded over time. For example, while technology may
diffuse dowly as patent protection runs out, differencesin inditutiond arrangements may persst

unchanged throughout the time periods we congder. In addition, geographica factors may

mean that some locations have productivity differentids, evenin the long run. This suggests that
wemodd long run TFPas a;, = f (x) +a, where x; are country specific factors that may

affect long run GDP. In practice, we use the percentage areain the tropics and a measure of
ingtitutiona qudity as factors that determine long run TFP levels.
For estimation purposesit is useful to turn our production function into a growth

equation. Differencing equation (5) gives us

_ 2
Dyj; = Dey +alk;; + bDlj; +f1Ds;¢ +f ,Dexpj; +f 3Dexpiy +f4h+Dvjy (6)
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Substituting out the error term using equation (6) and noting that the lagged productivity

gap V; ;- 1 isthe difference between actud output and output at the average world TFP level at
timet-1 generates.

2
Dyit = Da; +aDkj; + b0 +f1Dsy +f oDexpj+f gDexpj; +f 4Dhyy (7)
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Growth in output can be decomposed into four components. Thefird isthe growth of world
total factor productivity. The second isthe growth of inputs. Thethird a catch-up term as some
of the country’s TFP gap, V; 1 1, IS closed and the country converges, a therate 1- r , toits
steady state level of TFP. Findly thereis an idiosyncratic shock to the country’s TFP, g; .
Equation (7) hasaninteresting specid case. If r =1, sothat dl al shocksto TFP are
permanent, the lagged level termsin (7) dissappear. Our approach therefore encompases the
estimation of the prodcution function in first differences as advocated by Pritchett (1999), and
Krueger and Lindahl (2000) and we can test if thisrestriction holds. It isworth noting thet in our
framework the speed of convergence, 1- r , istherae a which TFPisconverging. Thisisis
sharp contrast with models (such as Mankiw, Romer, and Weil (1992)) where the capitd and
human capital stocks are repaced with their long run steedy states based on current investment
levels. In thse modds, TFP is constant across countries and the speed of convergence refersto

the time period it takes for investment to accumulate and for capital stocksto reach their steady

date levels.



The problem with using contemporaneous input growth ratesis of course thet these are

very likely to be endogenous and responsive to the current TFP shock, € ;. We overcome this

problem by instrumenting these current input growth rates with lagged input growth rates. We
assume that these lagged input growth rates and the lagged levels of inputs are uncorrolated with

§ 1, the current shock to TFP. Thisis quite compatible with lagged TFP levels and expected

TFP growth (the catchup term in equation 7) affecting previous input decisons. The argument
that the lagged input levels are uncorrolated with the current shock to TFP isthe red rationale
for estimating (7) rather than the leve rlaionship in (5). If we were to esimate the leve
regltionship there would be serious worry that the current input levels were correlated with the
current level of THP (which, after all, affects output and the pool of resources available for
investment). In the levels equation, using lagged input levels asinsruments is not gppropriate
because the autocorrdation in TFP over time means that lagged input levels can be corrdated
with lagged TFP levels which in turn are correlated with current TFP levels.

An important implication of our modd is thet the coefficients on alagged input level and
its current growth rate should be the same. When we came to estimation we can test this
restiction as asmple check on our modds assumptions. Failure to satisfy these equdity

restricions would point towards a more complex error structure for TFP.

3. Data

We construct a pand of countries observed every ten years from 1960 to 1990.

Output data (GDP) is obtained from the Penn World Tables version 5.6 (see Summers and
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Heston (1991) for adescription). We obtain total output by multiplying the redl per capita GDP
measured in 1985 internationd purchasing power parity dollars (chain index), by nationa
population.

Data on economicdly active population are from the Internationa Labor Organization
(1997). Thisdso giveslabor force participation rates for men and women separately, by five-
year age cohorts. Our labor supply is given by their estimates of the totd economicdly active
population in the given year. However, this measure is unable to adjust for the fact that some
fraction of the labor force is unemployed and therefore should not be counted as providing labor
inputs. Nor are we able to adjust for the hours worked of the labor force. Schooling is
measured by the average totd years of schooling of the population aged 15 plus from Barro-
Lee (2000).

Life expectancy datais from the United Nations (1998). We usethisasaproxy for the
hedlth of the workforce, even though it measures mortdity rates rather than morbidity. Higher
life expectancy is generdly though to be associated with better hedth status and lower morbidity
(Murray and Chen (1992), Murray and Lopez (1997)).

We congtruct aggregate experience for each country by computing an experience
measure for 22 gender/age group combinations (male and female versus age groups 15-19, 20-
24,...,60-64, 65+). Experience for each group is given by average age, minus average years of
schooling, minus six. This measure of experienceis likely to be reasonable for maes but may
overdate the experience of femaes who more frequently spend periods out of the labor market.
For smplicity in our cdculations, the average age in each group is taken to be the mid point of

its age range. Average experience in the workforce is formed by using shares of each group in
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the total economicaly active population. Aggregate squared experience is the weighted average
of the squared experience of each group.

In this calculation of experience, measured years of schooling for groups aged 25 and
more differ by gender but are assumed congtant across age groups within each gender. They
are st to Barro-Lee measures of tota schooling for the male and female populations aged over
25. Years of schooling for the groups aged 15-19, and 20-24 are calculated by combining
Barro-L ee data on schooling for populations aged 15 or more and 25 or more to infer
education for the population aged 15-24 using the fact that schooling for the population aged
over 15 equdsthe weighted average of schooling for the 15-24 population and schooling for
the population aged more than 25 where the weights are population shares.

Our capita stock seriesfor each country is computed by a perpetud inventory method.
Weinitidize the capitd seriesin the first year for which thereisinvestment data in the Penn
World Tables (versgon 5.6), setting it equd to the average investment/GDP ratio in the firdt five
years of data, multiplied by the level of GDP in the initidizing period, and divided by .07, our
assumed depreciation rate. Thisis the capita stock we would expect in the initid yeer if the
investment/GDP ratio we use is representative of previousrates. Each succeeding period's
capitd isgiven by current capitad minus depreciaion a 7%, plusthe leve of current investment.

Our capitd stock series has wider coverage than Summers-Heston variable for capita
stock per worker, kapw, which is only available for 62 countries from 1965 onwards. Where
the two overlap, the corrdation coefficient between the log levels of our seriesand theirsis
0.97, indicating that the two series are very Smilar. For many countries investment series do not

gart until 1960 suggesting that our capital stock data for the 1960's may be suspect because of
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the way we congtruct the initid stock of capital. Because of depreciation, by 1970 the capitd
gock estimates become fairly independent of the initidizing assumption used; we therefore limit
our estimation to the period 1970-1990, though data from the period 1960-1970 are used as
instruments.

Our measure of inditutiond qudity is the good governance variable from Knack and
Keifer (1995), while percentage of land area in the tropics comes from Gallup, Sachs and

Méellinger (1999).

4. Estimation and Results

We begin by estimating equation (7) under the assumption that steady State TFP levels
are the same in every country; the results are reported in table 1. Each regression is estimated
by nonlinear least squares, and dl contemporaneous growth rates of inputs are instrumented
with their lagged growth rates. Time dummies (not reported) are included which proxy the
average leve of tota factor productivity in each period; these gppear in levelsin the “catch up”
part of the regression, while the differences between successive time periods measures growth
in average totd factor productivity over the period.

In Column (1) of Table 1 we report results where we include only physical capitd,
human capita and labor asinputs. We find coefficients of closeto 1/2 each on capitd and
labor, which seems alittle high on capital compared to the evidence of its share of income. The
sum of these coefficients on labor and capita is close to one and we cannot reject the restriction
of congtant returnsto scade. Our estimate of the coefficient on schooling trandates into a socid

rate of return of 17.2% which is somewhat higher than the average of 9.1% found in micro
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dudies. However, while we find thet this estimated rate of return to schooling is sgnificantly
different from zero, it is not very well determined and we cannot reject the hypothesis that that it
is the same as the micro-estimate of 9.1%. The catch-up coefficient is 0.196, indicating that
amost 20% of the TFP gap at the start of the decade is closed up after ten years; that is, TFP
levels are converging at arate of about 2% ayear.

Adding our experience varidbles in column (2) has the effect that none of our human
capitd coefficientsis now sgnificant. However, when we cdculate the rate of return to
schooling we get afigure of 12.8%, which is gatidticaly different from zero though we again
cannot rgect the hypothesis that the actud rate of return is9.1%. The coefficients on average
experience and average experience squared are very large in absolute size though poorly
determined. We cannot reject that these coefficients are jointly zero (or indeed that they
produce estimates of the productivity of experience that are the same as those found in the
micro studies).

The reason for the poorly determined coefficients on our experience measures seemsto
be that in our sample the average experience and the average of experience squared are very
highly corrdated (the corrdation coefficient is above 0.98). Average experience in our sample
ranges from 18 to 28 years, and over this short range its relationship with the average of
experience squared that is dmost completdy linear.> The problem is that while the wide range

of years of work experience we see in micro-data allows usto identify the non linear

®In fact, the average of experience squared can be written as the square of average experience plus the
variance of experience acrossindividuals within the country. Thisimpliesthat it isnot only the lack of
variation in average experience that is the problem; in addition, the variance of experience across the
workforceis similar across countries.
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relationship between experience and wages, in macro data the very smdl variation in average
experience across countries means we cannot pick up such subtle effects.

Adding life expectancy in column (3) gives Smilar results. Agan, the human cepitd
measures collectively have a non-zero impact but we cannot reject the hypothesis that the
coefficients are equd to those found in micro-studies. The coefficient on life expectancy is 0.01
suggesting that increasing life expectancy by one year improves workforce hedth and raises
output by about 1%, though this effect is not well determined and the coefficient is not
datigicaly sgnificant. It isnotable in column (3) of table 1 that the coefficients on capitd and
labor take on vauesthat are very closeto ther stylized factor shares of 1/3 and 2/3.

In dl three regressonsin table 1 we cannot rgect the hypothesis that we have congtant
returns to scae; that is, that the coefficients on physica capital and labor add to one. In
addition, in each regresson we cannot reject the restriction the coefficients on the levels and
growth rates of inputs are equd.

We do not report or estimates of the world technology levels; in fact these are not fully
identified. We can estimate for each period the total technology effect (the sum of the world
risein the leve of technology, plus the convergence effect as countries catch up with the base
year's world technology level). However, we cannot separate these two effects out without
imposing additiond redrictions. The problem isthat if we see very fast growth in a particular
period, we cannot say if it because the base year TFP level was high, and al countries are

converging towards this, or because during the period world TFP has grown quickly.®

® One additional restriction would identify TFP in the model. For example, we might fix world benchmark TFP
in 1960 asthe TFP of the USA (i.e. set 1960 world TFP so that the error term for the USA in that year is zero),

18



Overdl, the picture that emerges from table 1 isthat the macro-results are surprisingly
close to the results found in microeconomic studies. We find in every case that we cannot reject
the hypothesis that the macroeconomic estimates on the returns to schooling and experience are
the same as the microeconomic evidence. In all specifications we have gppear to congtant
returns to scale, though in some the coefficient on physical capital gppearsto be closer to %2
rather than the 1/3 that seems to be the stylized fact from factor share data. There are large
gapsintota factor productivity across countries but these gaps are being closed at the rate of
about 2% a year.

The resultsin table 1 may depend on our assumption that the steady State level of TFP
isthe same in every country. We experimented with different geographicad and ingtitutiona
variables that may explain long run differencesin TFP and settled on percentage of land areain
the tropics and our governance measure as the two that seem mogt significant in our framework.
We include these variables (which are taken as fixed over time) in the levels part of equation
(7).

In addition, in table 2 we exclude average experience squared from the estimation.
When we included the squared term, we found that, asin table 1, the estimates of the
coefficients on the two experience variables were very poorly determined. Giver the short range
of average experience levelsin the sample we estimate alinear experience effect rather than a
nonlinear effect. The average experience leve in our sampleis 23 years, and at this experience

level the margind impact of an extra year of experience on wages (usng our micro-data

or asworld average TFP (so that the average of the error termsin 1960 is zero). However, the normalization
we use does affect the estimates of both the level and growth rate of world technology.
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coefficients) should be about 1.8% and the expected effect on output (assuming no externalities)
istherefore just (1.8~ b) % implying a coefficient on experience in our regressions of around
0.01.

Indl columns of table 2 we find that the coefficient on schooling is smal and not
datidticaly sgnificant. However, we cannot rgject that the rate of return to schooling is 0.091
as given by micro-economic data. Adding average experience in columns (2) and (3) generates
coefficients on experience that are negetive and lower than the productivity effects found in
microeconomic sudies.  This suggests that experience reduces aggregate output, even though in
microeconomic datait increases individua wages.

Adding life expectancy in column 3 produces aresult thet is postive and Satisticaly
sgnificant and suggests that each extra year of life expectancy rises the hedlth of workers and
leads to an increase of 4% in output. Thisis quite alarge effect, indicating that increased
expenditures on improving heath might be justified purely on the grounds of their impact on
labor productivity.

Aswe would expect, countries with better governance tend to have higher steady State
levels of TFP while those in the tropics have lower TFP. The speed of TFP convergenceis
again around 2%-2.5% a year.

While our results generdly agree with those found in micro-studies our parameters
edimates are not well determined. For example, in column 3 of table 2 even the coefficient on
physica capitd isnot Satisticaly sgnificant. A central problem in macroeconomic sudiesisa
lack of degrees of freedom. In addition, thereisagreat ded of multicollinearity in aggregate

data; capitd intensity, education level, hedlth satus, dl tend to move together. As we have seen



average experience and average experience squared are highly corrdated, while average
experience is highly negatively correlated with average schooling (extra years of education mean
less average experience over onesworking life).

Determining the rates of return to inputs from macro-datawith any precisonislikely to
be difficult. This suggests that so long as the aggregate data does not suggest the presence of
large externdities, we should cdibrate macro-modds using estimates of private returns from

micro studies.

5. Conclusion

Our model accounts for economic growth by the growth of factor inputs, technologica
innovation and technologicd diffuson. We find no evidence that the macro-economic effects of
education and experience are any greater to those found in micro studies. This suggeststhe
absence of externdities a the aggregate level and that cdibration studies provide reasonable
pictures of the proximate sources of economic growth. We do find evidence of a postive effect
of hedlth on productivity, which again is consstent with the microeconomic evidence.

Accounting for economic growth is only the first stage of an explanation. Once we have
established the importance of physical and human capita we need to go behind these varidbles
to ask what determines crass-country differences in factor accumulation. For example, our
estimates of the effect of life expectancy capture only its direct effect on the productivity of
labor. Inafully soecified mode life expectancy may influence life cycle savings (Lee, Mason
and Miller (2000)) and cepitd accumulation, and the expected returns to, and investment in

education (Bils and Klenow(2000)). It follows that improvements in health may increase output
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not only through labor productivity but aso through the accumulation of capitd. A fully
Specified modd of economic growth would be multi-dimensgond, showing not only how inputs
and technology affect output, but how the growth rates of inputs and technologicd are

themsaves determined.
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Appendix |
Heckman and Klenow (1997) and Krueger and Lindahl (2000) derive their result by
arguing that we can average equation (1) over workers. This gives afigure for the average of
log wages. However, if we assume that the digtribution of wagesislognormd the log of average
wagesis equd to the log of the median wage plus hdf the variance of wages (Hastings and
Peacock (1975)). But, for alognormd digtribution, the log of the median wages equasthe

average of log wages (3nce log wages have a symmetricad distribution). Hence

logw=1og W+%32 =a, +%s 2+a,s+a,epraep’ (Al

where s isthe sandard deviation of log wages. Now if we assume that workers are paid their
margind products, from our aggregate production function (ignoring for the moment health
effects) we can caculate the margind product of workers with each level of human capitd and

then add over workersto give

logw=log b\
L (A2)
=logb+log A+alog(K /L) +(@ +b- DlogL +f{5+F Hexp +f gexp?
This gppears to be consistent with the aggregated Mincer equation (equation (A1) above)
where the intercept of the wage equation varies across countries due to differencesin tota
factor productivity A, capita per worker K/L, and a scale effect that depends on the size of the
labor force (note that this dependence on L disappears if we have congtant returnsto scale, so
thata + b = 1). It isnow tempting to compare (A1) and (A2) and argue that the parameters on

education in the micro and macro equations can be compared directly so that f4 must be the

return to education. However, thisis not so.
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The flaw in the argument is that when we aggregete the Mincer equation in (A1) we

implicitly assumed that awas a congtant, independent of the average level of education. But
from equation (1) it isclear that agisthe log wage of aworker with no education and no

experience. Whilethis can be regarded as fixed in a microeconomic study within a country,
with our production function the wage of such aworker does depend on the average leve of
education. For example, assuming our production function (2) holds, and taking the ample case
where A, K and L are normdized to 1 and experience has no effect on productivity, and setting

the wage of aworker with education equd to his margind product, we have
Y
aqp = |OgW0 = |Cg( b- fls)r = |Cg(b- f1$)+fls (A3)

This clearly implies that the wage earned by an uneducated worker depends on the average
stock of education.” Given our production function thereis afalacy of aggregation in (A2) the

parameter agisnot a congtant but should be written as a function of the average level of each of

our human capital variables. The parameter on average years of schooling in the aggregeate
equation isthe sum of theindividud effectsasin A1l plusits effect on the wage of an

uneducated worker, ag. The“aggregate Mincer equation” isonly vaidif ag, isthe same

across countries and does not itself depend on the average education level, which would require

a production function somewhat different from ours.

" Note that this formulaholds for low levels of average education. |f average education levels are high
enough the marginal product of an uneducated worker may be negative (his negative impact in lowering the
average years of schooling outweighs the pure effect of hislabor supply) and he should not be employed.
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Tablel

Production Function in Growth Form
Common Long Run TFP Across Countries
Dependent Variable: Growth rate of GDP
Nonlinear two stage least squares

1 2 3
Capital 0.522* 0.424* 0.342*
(0.067) (0.094) (0.116)
Labor 0.493* 0.633* 0.708*
(0.080) (0.121) (0.136)
Schooling 0.085* 0.081 0.082
(0.039) (0.048) (0.049)
Experience 0.208 0.266
(0.176) (0.203)
Experience’ -0.0045 -0.005
(0.0029) (0.003)
Life Expectancy 0.013
(0.011)
Technologica Catch-up 0.196* 0.191* 0.214*
Coefficient (0.040) (0.042) (0.043)
N 175 175 175
R’ adjusted 0.628 0.581 0.549
Test of equaity of growth and 4.15 2.66 0.93
level coefficients 3 5) (6)
(chi-sguare d.o.f. under null)
Estimate of the rate of return to 0.172* 0.128* 0.116
schooling (0.062) (0.063) (0.060)
Test that rate of return to 1.66 0.34 0.18
schooling equals 0.091 D 1 (@]
(chi-sguare d.o.f. under null)
Test of zero coefficients on 4.39 4.00
experience 2 2
(chi-sguare d.o.f. under null)
Test of constant returns to scale 0.13 119 1.09
(chi-sguare d.o.f. under null) (@) (@) (@]

Estimated on a pand of 104 countries for the growth periods 1970-1980 and 1980-1990.




Y ear dummies are included throughouit.
* denotes significance at the 5% level.



Table?2

Production Function in Growth Form
Country Specific Long Run TFP
Dependent Variable: Growth rate of GDP
Nonlinear two stage least squares

1 2 3
Capita 0.457* 0.479* 0.190
(0.065) (0.068) (0.151)
Labor 0.583* 0.589* 0.824*
(0.085) (0.088) (0.145)
Schooling 0.015 -0.026 -0.025
(0.038) (0.045) (0.043)
Experience -0.074* -0.059
(0.034) (0.036)
Life Expectancy 0.040*
(0.019)
Technological Catch-up 0.186* 0.194* 0.278*
Coefficient (0.039) (0.042) (0.045)
Percent Land Areain the -0.432* -0.329 -0.332*
Tropics (0.207) (0.204) (0.161)
Governance 0.098* 0.104* 0.149*
(0.045) (0.047) (0.050)
N 147 147 147
R® adjusted 0.711 0.679 0.539
Test of equality of growth and 1.901 1.069 2.764
level coefficients 3 4 5
(chi-sguare d.o.f. under null)
Estimate of the rate of return to 0.026 -0.044 -0.030
schooling (0.064) (0.079) (0.053)
Test that rate of return to 0.663 2.920 5.215*
schooling equals 0.091 2 (@) @
(chi-sguare d.o.f. under null)
Test of constant returns to scale 1.018 1532 0.092
(chi-sguare d.o.f. under null) @ @ @

Y ear dummies are included throughout.
* denotes significance at the 5% level.
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