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1. Introduction

According to the Solow (1956) growth model, econesnwith similar preference
and technological parameters should converge tedhee long-run equilibrium income
per capita level. This prediction of the neoclassimodel became known as the
“convergence hypothesis”. Since the seminal worlBafimol (1986), testing income
convergence has been a recurrent topic in the ndsemgenda of growth economists.
The most basic test of income convergence consiktestimating a cross-section
regression model where the dependent variablesisiterage GDP growth rate and the
explanatory variable is the level of income. Whearethe slope coefficient is negative,
we say that there is evidence of unconditional imeaonvergence. By adding control
variables to the regression model, we can testdaditional income convergence: after
controlling for countries’ differences in steadtst initial income levels should be
negatively related with growth rates.

In this article, we estimate the unconditional giowequation for broadly
constituted samples using quantile regression.eBtienated quantile regression process
on the initial income exhibits a concave shape ¢hagses the zero line at approximately
the 70" quantile. This finding suggests that there is emie of unconditional income
convergence for countries in the upper tail ofdbeditional distribution of growth rates
but no evidence of convergence among countrieqenldwer tail. This result is in
contrast with previous estimates obtained with @mrthl mean estimation methods
such as ordinary least squares, henceforth OLSinStance, Baumol (1986) and Barro
(1991) show that there is no evidence of unconadftioconvergence for broadly

constituted samples.



Moreover, estimation of the conditional growth etipma yields a quantile
regression process on the initial income coefficialso exhibiting a sharp concave
pattern. In this case, the quantile regressiormestis are all below the zero line,
suggesting evidence of conditional convergence dbfr quantiles. However, the
concavity pattern implies that the coefficient e initial income increases in absolute
values with the quantiles, suggesting that convergds stronger, in some sense, for
countries in the upper quantiles.

The motivation to use quantile regression on th@wvgr equations is twofold.
First, the quantile regression estimator is robtestoutlying observations on the
dependent variable. This is an important point givkat the unconditional growth
distribution is characterized by long right tads, can be seen, for instance, in Barro and
Sala-i-Martin (1995). Second, the quantile regm@s®stimator gives, potentially, one
solution to each quantile. Therefore, we may adseaspolicy variables affect countries
according to their position on the conditional gtwlistribution. This is an interesting
way of capturing countries’ heterogeneity. Therenaghing on the theory of growth
saying that the effect of an increase in humantahgor example, should be the same
across countries. In fact, we expect it to depemthe specifics of each economy, such
as its level of development or its growth rate.

An article related to ours is by Mello and Novo @20 They employ the
inferential procedures recently developed by Koerded Xiao (2002) to test if the
location shift model applies to the convergencewtjfnoequation. The location shift
model corresponds to the case where the policyabigriaffects only the mean of the
conditional growth distribution. If this is realthe case, then estimation of the growth

equation using OLS methods is adequate. HowevdtpMed Novo (2001) find that for



commonly used data sets such as the Barro andabdethe Summers and Heston, the
location shift hypothesis for the growth equatisnoverwhelmingly rejected. That is,

policy variables affect the conditional growth distition in more complex ways than a
shift in the conditional mean. This result providesther motivation to use quantile

regression techniques on the growth equation.

In this article, we also revisit the empirical seglof Barro (1991) and Mankiw,
Romer and Weil (1992) using quantile regressiorhoat. We find ample evidence that
the effect of policy variables on growth rates garacross the quantiles. In some cases,
the regression quantile process exhibits a noradipattern, while in others it displays a
monotonic trend. For example, in section 4, we timat the regression quantile process
for a proxy for human capital, primary school ermreht (pri60), exhibits an upward
trend. This suggests that the effect of such meastihuman capital is stronger for
countries in the upper tail of the conditional gtbwdistribution. Estimation under
conditional mean methods such as OLS can only capie effects of policy variables
on the mean of the conditional growth distributiout not in any other distributional
aspect. That is, traditional conditional mean eatian methods give an incomplete
picture of the relationship between the policy &bakes and growth rates.

This article is divided as follows. In the sect@nwe briefly discuss the quantile
regression estimation method and some of its ptieserin section 3, we present
estimates of the regression quantiles for the uditional growth equation. In section 4
we revisit the “Barro” equations with quantile regsion, and in section 5 we do the
same for the celebrated Mankiw, Romer and Weil 2)9%xticle. Finally, section 6

concludes.



2. A Brief Introduction to Quantile Regression

In this section we briefly discuss the quantileresgion estimation procedure
and some properties of the quantile regressiomrmastf. The " quantile, for
0<r<1, is defined asQ(r) =inf{y: F(y) =7}, where Y is a random variable with
distribution function given byF(y) = P(Y < y). The definition of quantile simply says

that an observation in th€ quantile is greater thar® of the observations and smaller

than (L1-7)% of the observations.
Consider the linear regression model= x B +u, for i=1,...,n, wheres is a
Kx1 vector of coefficientsx is the column vector that is the transpose ofi'thew of

the X, matrix of explanatory variables (or policy varie$), y, is the ' observation

nxK

of the dependent variable, and is the i.i.d. error term. The OLS estimator can be

found by choosing the vectgf that minimizes the sum of the squares residuiadd,is
minﬂDDK Z(yi -xf)?. In contrast, the quantile regression estimatonimizes an
i=1

asymmetric linear penalty function given by (1)dvel

M| TN =XA* 3 A=Dly =%/ ()
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The quantile function is a weighed sum of the altsoValue of the residuals. It

is easy to interpret the quantile function by leoakiat a particular case of (1). When

r =1/2, the minimization problem above reducesni . >"|y, = x|, which yields
i=1

2 The reader is referred to Koenker and Hallock (30@nd Buchinsky (1998) for recent surveys on
quantile regression, and to Koenker and Bassen3)1for the seminal article.
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the conditional median as the solution (that is, lfast absolute deviation estimator or
median regressor). Note that the absolute valugtibmis a symmetric penalty function.
Thus, when the linear penalty function is symmetré&cobtain the conditional median as
the solution to (1). Following this logic, one wdutonjecture that the solution to an
asymmetric penalty function would yield the otheragtiles. It turns out that this
conjecture is correct, and it is the intuition ehthe quantile function.

By varying the parameter on the (0,1) interval we can generate all the

regression quantiles and, therefore, obtain thelitonal growth distribution of y given

x. The coefficient on the&™ policy variable, B (r ) can be interpreted as the marginal

change in the dependent variable due to a margimahge in thek™ policy variable

conditional on being o™ quantile. Since potentially we have ofdor eachr, the
quantile regression approach allows us to ideritigy effects of the covariates on the
dependent variable at different points on the istion. For instance, suppose that the
dependent variable is the average growth ratedonme per capita and the explanatory
variable is the initial level of income per capitehe coefficient on initial income at

r = 010, B, (010), gives the marginal change in average GDP grouat associated

with a marginal change in initial income for couasrthat are in the bottom 10% of the
conditional distribution of the average GDP grow#t€’. In section 3, we present
evidence suggesting that in fact the slope coefiilsi change substantially across the
quantiles. This parameter heterogeneity is an esterg way to analyze the effect of
policy variables on the growth rate, especially winme is estimating the correlation

between growth rates and some key policy variades as human capital. We can also

% From now on we shall call countries on the leilt @ the conditional distribution of GDP growthtes
slow-growing countries, and countries on the rigiitof the distribution fast-growing countries.
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infer about the speed of convergence at differasihtp on the conditional growth
distribution. Under mean regression methods suddls the coefficient on the policy
variables is constrained to be the same for alhtiles, and a wealth of information is
left untouched.

It is important to understand when estimation of tiegression quantiles is
superior to estimation of the conditional meanthé policy variables affect only the
location of the conditional growth distribution esthe classical homoskedastic linear
regression model then conditional mean estimatiethous are appropridteHowever,
when the policy variables affect the distributidrtlee error term then conditional mean
estimation methods are no longer adequate. Polarnjales can affect conditional
growth distribution in a number of ways, for instanthey can affect the dispersion, the
skewness, stretch one tail, fatten the other,letthis case, one would like to estimate
the entire conditional growth distribution, so thia use of quantile regression would be
more appropriate then conditional mean estimatiethods.

As discussed in Koenker and Hallock (2001), anaetive property of the
guantile regression estimator is its robustnessdgresence of outlying observations on
the dependent variable. While OLS estimator maggifihe effect of outliers, the
quantile regression estimator penalizes tail olsems. This property of the quantile
regressor estimator is particularly important i @pplication given the fact that the

distribution of average GDP growth rates is skeveeithe right.

* This is Koenker and Xiao’s (2002) location shifbael discussed above.

® In the Summers and Heston data set version 6.trtres-section distribution of the average GDP per
worker for the period 1960-1998 has a skewness.3f7® indicating a long right tail. For the period
1950-1998, the same variable, exhibits a skewne8s1d and a kurtosis of 2.455, indicating fatsadnd
slightly skewed to the right.



3. The Unconditional Growth Equatibn

We use the variable RGDPWOK (Real GDP chain perkemrfrom the
Summers and Heston data set (PWT) marK 6lestimate the basic unconditional
growth equation. We work with three samples: thetfiwhich we call “large_507,
includes 51 countries for which data on RGDPWOHKavsilable for the period 1950-
1998; the second sample, called “large_60", incdud®4 countries for which the
RGDPWOK data is available for the period 1960-19&] the third sample, which we
call “stacks”, consists of the pooled average ghowte for four sub-periods: 1960-70,
1970-80, 1980-90, and 1990-98. We also divide #rapes in two other groups, one
consisting of OECD countriBsand the other with non-OECD countries. Table 1
displays the OLS estimates of the growth equatiothree samples described above.

[Insert table 1]

The results in table 1 confirm the previous OLSnestes in Baumol (1986) and
Barro (1991). The initial income coefficient is agige for the large_50 sample, and
positive for the large_60 and the stacks samplesweder, in all cases it is not
statistically different from zero. Thus, when ttergple consists of a large cross-section
of countries we cannot find evidence of convergeiités result is not really surprising

since one cannot hope that all economies in a braazhstituted sample will share

® We are well aware of the limitations of regressimgwth rates on levels as a way of assessing iacom
convergence, hamely, that from a negative slopéiciemt one cannot conclude that the cross-seation
dispersion of income is shrinking. See Friedmar92)%nd Quah (1993) for more on that. However, in
this article we avoid a more elaborate discussiothat to concentrate on the results and interfioeta of

the application of the quantile regression techaigum the growth equations. Although, later in this
section, we try to link the shape of the quantdgression process on the initial income coefficieitl -
convergence.

" The Summers and Heston data set is availalbiggmt/pwt.econ.upenn.edu/Downloads/index.htm

8 Our OECD sample includes 25 out of the 30 membenties. We exclude Poland, Hungary, Czech
Republic, Slovak Republic, and Turkey, to make sample consistent with previous studies.
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similar tastes and technological parameters -- @esgary pre-condition for income
convergence.

For the OECD samples we find that the initial ineocoefficient is negative and
statistically significant, suggesting evidence afneergence. This result is also
consistent with previous estimates of the growthatign, for instance, as in MRW.
From the initial income coefficient we can obtdie speed of convergence and the half-
life®. In a linear OLS regression of the average grawth on the initial income level,

the slope coefficient is related to the speed aiveogencef according to the following

formula: - (1-e#")/T =b, where T is the sample period, and b the OLS eséirof

the initial income coefficient. For the OECD 50 af@ECD_60 the speed of
convergence is, respectively, 3% and 3.12%. Thedgnates give a half-life of
approximately 23 and 22 years, respectively. MRW&imate for the speed of
convergence is 2.02% with an implied half-life of $ears. Thus, according to our
estimates the OECD countries are converging asterfgpace for the period 1960-98
than for the period 1960-85.

We also report the OLS estimates of the growth wguafor non-OECD
samples. The idea of estimating the growth equdtonon-OECD samples is to assess
the extent that OECD countries can influence esémaf the initial income coefficient
in large samples. According to the results in tablénis influence is not strong. In fact,
in non-OECD equations the estimated coefficientimihal income is negative with

better t-statistics than the ones from the largepda regressions. We will return to this

® The half-life is the number of years that the exop takes to transit half way to its steady statell of
income per capita.



point later. Figures 1-3 display the regressionngjlea processes for the unconditional
growth equation for the large_50, large_60, andkstgaamples.
[Insert figures 1-3]

Each figure exhibits the entire quantile regresgascess on the initial income
variable, the 95% confidence interval for the quamegression estimate, and the OLS
estimate on the initial income (dashed line). Tih& fmportant observation is that for all
samples the quantile regression processes exlhibitsame concavity pattern. It is
positive for countries in the lower tail of the caonal growth distribution and
negative for countries in the upper 1ail

For the large_50 sample (figure 1), the estimatedficient on the initial income
for the median { =1/2) of the conditional growth distribution is-0.0003. This
coefficient means that a one percent increase @ itlitial income per capita is
associated with a reduction of 0.0003% of the ghosate in income per capita per year.
This coefficient increases in absolute value t08®4 in the 98 quantile, almost 25
times its value at the 8Qquantile. To have an idea of the magnitude of ithisease it is
useful to calculate the speed of convergence amdhdif-life associated with each
estimate. For countries on the top 50% of the ibigion the half-life is approximately
2,310 years. This corresponds to a close to zezedspf convergente On the other
hand, for countries on the top 95% of the distitiuthe speed of convergence is 0.91%
per year, and the associated half-life 76 years.

For the second sample (large_60), the initial inearoefficient is negative for

the top 25% fast-growing countries but positive floe other quantiles. This finding

10" Although the OLS estimates lie within the quantiégression confidence intervals, recall again the
results in Mello and Novo (2001) showing that Koenkand Xiao's (2002) location shift test
corresponding to the OLS model is rejected for ¢gjgation.
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contrasts with the OLS estimate in table 1, whigbgests that there is no evidence of
convergence for this set of countries. Here onesegnthe information gain provided by

estimation of the entire conditional distributiohgoowth rates: when one is constrained
to look at the conditional mean only it is left ithe impression that there are no
convergence forces for broadly constituted samglags does not seem to be the case
for countries in the upper quantiles of the groditribution. For instance, for countries

on the top 95% of the growth distribution the speédonvergence is 1.00% and the

associated half-life is 69 years.

The estimates for the third sample (“stacks”), shamwfigure 3, largely confirm
our previous findings. The motivation to stack theta is to capture growth patterns
within the four time intervals, 1960-69, 1970-7980-89, and 1990-98 Visual
inspection suggests that the concavity of the s=jpe quantile process is more
dramatic in figure 3 than in then previous figurés.this case, the initial income
coefficient is negative for countries in the to@#0f the growth distribution. Moreover,
the OLS estimate lies outside the quantile regoessonfidence interval for the top 25%
fast-growing countri€s. In conclusion, figures 1-3 suggest that countiiethe upper
tail of the conditional distribution of growth ratare the driving forces behind income
convergence.

Koenker and Machado (1999) have an interestingpreation of the concavity
pattern exhibited by the regression quantile otialhincome. They suggest that if one

would interpret this concavity as a downwardly shgpeffect, “this would imply a

1 More specifically, the speed of convergence assediwith the3(0.50) estimate is 0.03% per year.

2 Koenker and Machado (1999) also used pooled dateeir estimates of the growth equation.

13 Note that in figures 1 and 2 the OLS estimate \iéthin the quantile confidence interval. Giventha
one might be tempted to conclude that OLS estimgiiocedure is adequate then. However, the results
Mello and Novo (2001) show that the data grossiylates the statistical model required to validate
conditional mean estimation methods.
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stronger sense of convergence in which the scalkeointernational distribution of per
capita income would shrink over time”. This intexfation clearly has implicit the
notion of o-convergence, that is, a reduction in the crostiesed variance of income
per capitd”. In this sense, it would be interesting to lools@mne measures of dispersion
of the cross-sectional distribution of income.
[Insert Table 2]

Table 2 above shows the mean, standard deviatomifident of variation, and
the standard deviation of the log of the variab@WOK from the PWT data set. The
coefficient of variation and the standard deviatasrthe log of income per worker are

standard measures of inequality. Their formulas @igen by, respectively,

n —\ 2 n
% (ylfyyj . and \/%Z(Iog(yi 1)) , wherey, is the level of GDP per worker,
= E

y is the cross-sectional average of the log of GBiPymrker, and n is the sample size.
The estimates in table 2 show that the coefficadntariation is relatively stable
for the large sample and the non-OECD sample ferpériod 1960-90, and has an
upward trend in the period 1990-1998. For the |laa@mple, it decreases from 0.93 in
1960 to 0.86 in 1980, to increase again to 0.979@8. For the non-OECD sample the
coefficient of variation decreases from 0.83 in@%%0.81 in 1990, to increase again in
1998 to 0.93. For OECD sample we have a differestupe. There is a sharp decline in
the coefficient of variation from 1960 to 1990,Mr®.40 to 0.22, respectively. However,

it increases again to 0.28 in 1998 to 0.12.

1 It is well known in the literature the relationghbetweenB-convergence and-convergence - the
former is necessary but not sufficient for thedattThe convergence concept embedded in the OLS
growth equation is thB-convergence.
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The standard deviation of the log for the large gamand the non-OECD
sample, except for the period 1980-90 for the n&©CO sample, increases
monotonically over the entire period. The coefinti®f variation exhibits a distinct
pattern; at certain points goes in the oppositection of the standard deviation of the
log. It decreases first, reaching its lowest lewell980, and then it increases to its
highest level in 1998, for both samples. Dalgaard ®astrup (2001) show that these
two measures of dispersion attach different weightmitra-distribution dynamics, and
because of that can exhibit a contradictory behlawtore specifically, Dalgaard and
Vastrup (2001) show that for the period 1960-9a@rpmuntries became poorer and rich
countries became richer, and that there has bessidewable catching up between the
middle and the top of the world income distributidime different weights attached by
the coefficient of variation and the standard déwma of the log to these intra-
distribution dynamics explain the divergent pathtlufse two measures for the period
1960-80.

On the other hand, for the OECD sample the standevéation of the log and
the coefficient of variation exhibit a similar patt. The standard deviation of the log
decreases from 0.22 in 1960 to 0.10 in 1990, toesge again in 1998 to 0.12. The
estimates in table 2 suggest that the cross-sattestribution of GDP per worker for
the OECD countries has shrunk between 1960 and,1®8Be the cross-sectional
distribution of GDP per worker for the large samplal the non-OECD sample grew
more disperse over time. Thus, based on the estsnmatable 2, we can conclude that
convergence is taking place among OECD countriesheusame is not true for the rest

of the world.

13



One interesting exercise is to decompose the OliBnaer of the slope
coefficient in the unconditional growth equationorder to see how much each country

contributes to total estimate. The OLS estimator n cabe written

n = <\ 2
- X — X
as:Z{g' _;))} n( = %) , where y, is the average of the log difference in
= i (Xi - X)2

income per capita between the initial and the fpeiod for country, y is the cross-
sectional average for thevariable, x; is the log of the initial income per capita for

countryi as defined in table Ix is the cross-sectional average for the variabbnd n
is the sample siZzé Because the second term in the expression alepresents the
weight of countryi on the OLS estimator, a converging economy iswhere the first
term is negative. That is, converging economieshideir initial incomes above the
cross-sectional average and their growth ratesabile cross-sectional average, or their
initial income below the cross-sectional average @ueir growth rates above the cross-
sectional average. In the large_60 sample, therd@iconverging economies according
to this criterion, corresponding to 43% of the skrgize. Only 8 out of the 24 OECD
members are in the converging economies group. dwere the OECD countries
represent only 13% of the total contribution of @#dé converging economies to the
magnitude of the estimat§d

However, defining convergence according to the tdarabove is problematic
because it makes the definition of convergenceitbengo the sample selection. For
instance, when the sample consists of OECD cousndridy, we find that 18 out of the

24 economies are converging according the critealbbove. This is in sharp contrast

!5 This derivation follows Bernard and Durlauf (1996)
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with the number of OECD converging economies foumithe large sample (8 out of 24,
as mentioned above). This discrepancy is no statigiuzzle. It happens because each
sample has a different mean growth rate and avergiigd income, which ultimately
determines whether the economy is converging or mbis remark stresses how
evidence of convergence based on a regression avftlgrrates on levels depends
explicitly on the sample selection. This point waade by Hotelling (1933) 70 years
ago, and cited more recently by Friedman (1992gréstingly, they suggest looking
directly at measures of dispersion such as theficmeft of variation as a real test of
convergence “The real test of a tendency to comrerg would be in showing a

consistent diminution of variance,...”, p. 464, Hote) (1933).

4. The “Barro” equations with Quantile Regression

In this section, we revisit the growth equationsBarro (1991) using quantile
regression. We use the variable RGDPJHal GDP per capita) for the period 1960-
1985° from the Barro and Lee data Sethenceforth BL. Table 3 displays the OLS
estimates of the growth equation. Equation 1 isuth@nditional growth equation with
the average growth rate of GDP per capita as therakent variable and initial GDP per
capita as the only explanatory variable. Equatisadd control variables to the basic
equation. The variables sec60 and pri60 are profeeshuman capital denoting,

respectively, the 1960 values of school-enrolmates at the secondary and the primary

8 We chose the same period analyzed by Barro (1@9hake our estimate comparable to his. However,
the data set we used is an update of the origimal ith Barro (1991). Therefore, one should expestes
small discrepancies between our estimates antitishe results should be qualitatively similar.

" The BL data set is availableltp://www.nber.org/pub/barro.lee/ZIP/
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levels®, The variable gey is the ratio of real governmembsumption expenditure to
real GDP. The variables rev and assass are pritig®litical instability. The former is
the number of revolutions and coups per year, aaddtter is the number of political
assassinations per year per millions of habitarite. variable ppidev60 is a measure of
market distortion based on the deviations of theestment price deflator from its
sample mean. The variable inv is the average sbfaievestment to real GDP for the
period 1960-85. The variable pop is the averagatroate of the total population for
the period 1960-85. The reader is referred to B&r8®1) for more details. Our sample
contains observations on 100 countries. It is thmes across equations, and was
determined according to data availability.
[Insert table 3]

The estimates in table 3 are consistent with thesan Barro (1991). For the
large sample (equation 1), the estimated coeffimanthe initial income is positive and
not significant, suggesting lack of income conveage Adding all the control variables,
except inv and pop (equation 2), the coefficientlom initial income becomes negative
and highly significant suggesting evidence of ctodal convergence. Moreover, in
equation 2, all the estimated coefficients on thetiol variables have the expected sign
and are consistent with Barro’s estimates. Forainst, Barro’s estimate of the sec60
coefficient in equation 2 is 0.0305 with a t-stiti®f 3.86 while ours is 0.0327 with a t-
statistic of 2.73. For the pri60 variable, his mstied coefficient is 0.0250 with a t-
statistic of 4.46 while ours is 0.0217 with a ttstéc 2.86. His estimate of the initial

income coefficient is -0.0075 with a t- statistic-®.25, while ours is —0.0047 with a t-

8 These variables are computed as the ratio of tineber of students enrolled in the designated grade
levels over the total of the population of the esgonding age group.
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statistic of -4.7. Analysis of variance (ANOVA) tesfor the control variables in
equation 2 reject the null hypothesis that all calstare jointly not significant.

The remaining equations are used to test for thidityaof the control variables
listed above. Equation 6 includes all the conteniables, and is used to test for the joint
significance of the controls rev, assass, ppidea®d, gcy (equation 5 is the restricted
model). The ANOVA test statistic indicates thateatst one of these control variables is
significant. In further tests not shown in tablen® find that the variables rev, assass,
and ppidev60 are not statistically significant, gesfing that the variable gcy is driving
the result in the ANOVA test above. Equation 4his same as equation 6 except that it
excludes the variable pri60. We compare it with agiqun 3, and reject the null
hypothesis that the coefficients on rev, assassdeppO, and gcy, are jointly
insignificant. Similarly as above, in further te&®t shown in table 3), we find that the
variables rev, assass and ppidev60 are jointhsstally insignificant, and that the only
control variable that is significant is gcy. We ntwvn to the quantile estimates of the
equations in table 3.

[Insert figure 4]

Figure 4 exhibits the quantile regression procesthe initial income coefficient
for the unconditional growth equation in table guation 1). It has the same concavity
pattern as before. Note that the OLS estimate 0008, lie outside the quantile
regression confidence interval for the 40% fastagng countries. However, the
quantile regression estimates suggest that foitdpe30% fast-growing countries the
initial income coefficient is —0.0013, for the td}0% fast-growing countries the
coefficient is —0.0011, and for the top 10% fasivgng countries is —0.0026. Since the

initial income variable is measured in thousandsafistant dollars, this coefficient
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means that for the top 10% fast-growing countri®&d 800 increase in initial income is
associated with a reduction of 0.26 percentagetpairtheir GDP growth rate per year.

Figure 5 displays the quantile regression proceksethe policy variables on
second equation in table 3. The quantile regresgroness on the initial income lies
below the zero line for all quantiles, suggestinglence of conditional convergence.
Moreover, it exhibits the same concavity patterbefore, although not as pronounced
as in the unconditional equation. This suggests ¢bavergence is stronger, in some
sense, for countries in the upper tail of the ctoodal growth distribution.

The quantile regression process for the primanpskcenrolment variable (pri60)
has an upward trend suggesting that the associbBbmeen this measure of human
capital and average growth rate is stronger font@s in the upper quantiles, whereas
the quantile process for the secondary school kemeak (sec60)is relatively stable
around the OLS estimate. This is also true forprexies for political instability (rev
and assass) and market distortions (ppidev60).€efteet of government consumption
(gcy) is negative for all the quantiles, howeveappears to dampen its negative effects
for countries above the conditional median.

Figure 6 exhibits the quantile regression procegee the policy variables in
equation 3 in table 3. The initial income coeffities negative for all quantiles,
suggesting evidence of conditional convergencéhifermentire distribution. The proxy for
human capital (sec60) is stable across the quaniilee quantile regression process for
the variable inv has an interesting pattern, gasitive for all the quantiles, as expected,
however it decreases fron¥30% to1=70%, and then it increases again. Its peak is
reached at the bottom 30% of the conditional grosh#tribution. Finally, the quantile

regression for the coefficient on population groplop) increases non-linearly across
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the quantiles, but never goes above the zero Tiable 4 below displays the ANOVA
tests for selected regression quantile estimateBdoro conditional equations.
[Insert table 4]

The ANOVA tests in table 4 are based on the proe=ideveloped in Koenker
and Bassett (1982a), and have similar interpretatitothe traditional ANOVA tests.
Equation 7 is used to test the conditional equatgnsus the unconditional equation (not
shown in table 4). The F-test suggests that thdraomariables are jointly highly
significant for the three quartiles considered. &ons 9 and 11 are used to test the
significance of gcy, rev, assass, and ppidev60.c@viepare equation 9 with equation 8,
and equation 11 with equation 10. The variable@rincluded in equation 11 but not
in equation 9. We do this to see if pri60 has afiyience on the joint significance of the
controls gcy, rev, assass, and ppidev60. We finsl skt of controls to be highly
significant in both cases. However, further testd, reported in table 4, we suggest that
gcy is driving the test results for the first artend quartile. That is, the controls rev,
assass, and ppidev60, are jointly insignificanthat first and second quartile, and are
jointly significant only at the third quartile. Fafly, tests on the slope stability on the
quantile regression based on Koenker and Bass882() indicate that the slope

coefficients vary significantly across the quasdile

5. Mankiw-Romer-Weil equations with Quantile Regien

We use MRW's original data, and an update of tlusita set provided by
Bernanke-Gurkaynak (200%) henceforth BG, to revisit the growth equation$/iRW.

Table 5 displays our estimates of the MRW equatifamsthe large sample and the
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OECD sample. The estimation period is 1960-85 f&®W)] and 1960-95 for the BG.
Our regression model uses as the dependent vatiablaverage growth rate while
MRW uses the total growth rate as the dependerablef®.

[Insert table 5]

The results in table 5 are consistent with previesmates. For instance, the
estimated coefficient on the initial income in edp@m 12.A is close to zero and
insignificant — that is, for broadly constitutedngades one cannot find evidence of
unconditional income convergence with OLS estinmatiG-or equation 13.A, we
estimate the growth equation with the MRW contratiables. The variable inv is the
average share of real investment in real GDP. Theypfor human capital (school) is
measured as the working-age population (defingoeaple between the ages of 15 and
64) that is enrolled in secondary school. The Weiagdelta includes the average rate
of growth of the working-age population plus 5%atxount for the depreciation rate of
physical capital and the rate of labor augmenteahnological progress. The estimated
coefficient on the initial income in equation 13s%-0.0119, which when multiplied by
25 equals —-0.2975. MRW estimate for the same Marigbequal —0.289. In equation
14.A all our coefficient estimates are identicaMBRW's.

The results using the BG data set are similar ¢ooties in MRW. For instance,
in equation 13.B, the initial income coefficienteégual to -0.0122, which is close to —
0.0119 in equation 13.A. Similarly, the initial mmoe coefficient in equation 15.B is -

0.0157 while in equation 15.A is —0.0159. We alstineate regression quantiles for the

19BG’s data set is available laittp://www.princeton.edu/~bernanke/data.htm
Thus, in order to compare our estimated coeffisianith theirs we have to multiply our estimated
coefficients by 25 (that is, the number of yearMiRW’s sample period).
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equations in table 5, however, to economize onespae only display in figure 7 below,
the quantile regression process for equation%3.B
[Insert figure 7]

The quantile process for the initial income coééint exhibits an already
familiar concave shape. It lies below the zero foreall quantiles, suggesting that there
is evidence of conditional convergence at all mimin the conditional growth
distribution. Interestingly, its concavity suggesiiat convergence is stronger, in some
sense, for countries in the upper tail. The quargiocess for the investment share is
relatively stable around its OLS estimate. The ntade of its effect on the tails of the
conditional growth distribution are similar to theagnitude its effects on the median.
One could interpret this finding as suggesting,thiihough important to explain mean
growth rates, physical capital accumulation isthetkey policy variable behind growth
miracles. The quantile process for the populatioowth variable lies below the zero
line, and exhibits a slightly upward trend. Thigtpen suggests that the negative effects
of population growth on GDP growth rates tend tmpan for countries in the upper tail
of the conditional growth distribution.

The quantile process for the variable school exhibi non-linear increasing
trend. For countries in the bottom 10% of the cbodal growth distribution the
estimated coefficient on school is 0.0066, it iases to 0.0121 for countries in the
conditional median, decreases to 0.0085 for coemin the top 30% of the distribution,
to increase again to 0.0133 in the top 10% of tk&ildution. This result suggests that
the effect of human capital, measured by secondeinpol enrolment, has a stronger

impact on countries in the upper tail of the caod@l growth distribution.

L These figures are available upon request. Theti@nocesses are similar to the ones in figure 7.
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One interesting exercise is look at the speed ofemence and the associated
half-life implied by the initial income estimate3able 6 displays the speed of
convergence and the half-life associated with theonditional growth equation for the
OECD sample, and the conditional growth equatiantfie large sample, using both
MRW and BG data sets. The estimates suggest tleaspglbed of convergence has
increased from the 1960-1985 to the 1960-1995 gerir instance, the speed of
convergence implied in the OLS estimate for the OEB@mple increases from 1.67% to
1.81%, and for the large sample it increases frofi% to 1.60% (columns 1 and 3,
respectively). The quantile process spanning therval t(1[.20, .80] shows that the
speed of convergence is globally faster in the B@& det. A similar story holds for the
conditional equation for the large sample. An intapt aspect of the estimates in table 6
is the large difference in the speed of convergamzkthe half-life observed across the
quantiles. For instance, for the large sample,gutie BG data set (last column in table
6), the half-life for a country on the bottom 20%lee conditional growth distribution is
63.44 years, while for a country on the top 20%HhhbH-life is 30.89 years. For OECD
economies (same column), a country on the botto¥ @Dthe distribution has a half-
life of 35.07 year, while a country on the top 28%s a half-life of 18.31 years.

[Insert Table 6]

ANOVA tests for the MRW equations are shown inléab. The tests suggest
that the proxy for human capital is highly sigréiint. When equation 18 is compared
with equation 17, the F-test statistic suggests, tar quartiles and the OLS
specification, the augmented equation with humanitalais a better specification. When
equation 17 is tested against equation 16, we fhmt investment (sk6095) and

population (glf6095) growth are highly significaiinally, the slope stability tests for
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the quantiles suggest that for the first two modeése is no significant variation of the
slope coefficient for the quartiles. However, foe taugmented model we reject the null
hypothesis of constant slope coefficients for tiadal levels of significance.

[Insert Table 7]

6. Conclusion

This article explores the convergence growth agosatusing quantile regression
methods. The motivation to estimate the growth gguos using quantile regression is
twofold. First, while the OLS estimator magnifiée teffects of outlying observations on
the dependent variable, the quantile regressiomattr penalizes tail observations. The
robustness of the quantile regression estimatopadicularly important to our
application, especially given that the unconditlodastribution of growth rates is
characterized by long right tails. Second, the tlearegression estimator gives,
potentially, a family of quantile coefficients; ofi@e each sample quantile. Each slope
coefficient can be interpreted as a different respoof the GDP growth rate to a change
in a policy variable, according to a country’s piasi on the conditional growth
distribution. This is an interesting way of captgriparameter heterogeneity. After all,
there is nothing on the theory of growth that st policy variable should have the
same effect across countries.

One particularly interesting result we find is tlkencavity pattern of the
regression quantile process on the initial incomeffecient, for both the conditional and
the unconditional growth equations. This findingterpreted in the light of the
definition of -convergence, establishes, in the unconditionalktir@quation, evidence

of convergence for countries in the upper quantilesnot for countries in the lower
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quantiles. And, for the conditional growth equatiehere the entire regression quantile
process is below the zero line, it establishesesdd of convergence for all quantiles,
and that convergence is stronger, in some sensepdmtries in the upper quantiles.

This result helps reconcile previous OLS estimatethe growth equation, in
particular, Baumol’s (1986) “convergence clubs”.nSider the unconditional growth
equation. In preliminary estimates, we observe thast OECD countries are in the
upper tail of the conditional growth distributiofhat is, the OECD countries are in the
upper quantiles — this is exactly where the quamébression estimates are negative and
the evidence of convergence in OLS equations angtrWhen the sample includes only
OECD countries, the OLS estimator is significantiggative capturing the strong
convergence forces among countries in the uppér ofaithe conditional growth
distribution. That is why the OLS estimate of thwtial income coefficient in the
unconditional growth equation for OECD samplesighificantly negative. When the
sample includes all countries in the world the O&S8imate of the initial income
coefficient captures the overall no convergenceléany among all countries in the
world. Note that, the above remarks are in linehvkbenker and Machado’s (1999)
interpretation of the concavity pattern of the esgion quantile process on the initial
income.

Finally, our results can be subject to further Btigation, and extended in
several ways. Application of recent inferential heets in quantile regression such as
Koenker and Xiao’s (2002) location shift and looatscale shift tests is a natural
extension of our work. Moreover, the newest versibthe Summers and Heston data

set (version 6.1) contains a number of importantroeconomic variables that we did
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not discuss here. Investigation on how these palanjables relate to GDP per worker

growth rates would also be an interesting extension
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Table 1

Table 1: OLS estimates of the growth equation
Dependent variable: Average log difference in GBPworker

Sample Coefficient onthe  Sample Adjusted R?
initial income size

Large_50 ~0.00026 51 ~0.0200
(0.0019)

Large_60 0.00108 104 20.0052
(0.0016)

Stacks 0.00052 416 -0.0019
(0.0011)

Non-OECD_50 -0.0031 30 0.0196
(0.0024)

Non-OECD_60 -0.0009 80 -0.0107
(0.0023)

Non-OECD Stacks -0.0009 320 -0.0022
(0.0016)

OECD_50 -0.0159 21 0.7231
(0.0022)

OECD_60 -0.0184 24 0.6927
(0.0025)

OECD_Stacks -0.0287 96 0.5506
(0.0027)

Notes: The table reports estimates of the slop#icieat of the following equation
@/ T)In(yr,; 1Y) =a+ BIn(y,) + &, wherey,; and Y, are, respectively,

the final period and the initial period GDP per @rat constant international dollars
from the PWT data set version 6.1, T is the sarsigle, andg; error term. The standard
error appears in parenthesis.
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Table 2

Table 2: Measures of Dispersion of the GDP per \&ork

Large Sample (n=104) 1960 1970 1980 1990 1998
Mean 8.63 12.18 14.83 16.58 19.11
Standard deviation 8.06 11.16 12.81 15.31 18.52
Coefficient of Variation 0.93 0.92 0.86 0.92 0.97
Standard deviation of the log 0.43 0.46 0.47 0.48 0.52
Non-OECD Sample (n=80) 1960 1970 1980 1990 1998
Mean 5.37 7.41 9.14 9.45 10.92
Standard deviation 4.47 6.44 7.34 7.67 10.11
Coefficient of Variation 0.83 0.87 0.80 0.81 0.93
Standard deviation of the log 0.35 0.38 0.40 0.40 0.44
OECD Sample (n=24) 1960 1970 1980 1990 1998
Mean 19.50 28.11 33.80 40.33 46.41
Standard deviation 7.83 8.44 7.87 9.07 13.17
Coefficient of Variation 0.40 0.30 0.23 0.22 0.28
Standard deviation of the log 0.22 0.16 0.12 0.10 0.12

Notes: The mean is in thousands of constant intiemmeal dollars. The coefficient of variation is

calculated according to the followi

2
Yi —Y
ni=3

country i, andy is the cross-sectional average.
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Table 3

Table 3: Previous results on convergence: thertBaquation
Dependent variable: Average growth rate in rdaP@er capita for 1960-1985
Variable Equation1 Equation2 Equation3 Equation4 Equation5 Equation 6

Constant 0.0203 0.0225 0.0061 0.0255 -0.0007 0.0193
(0.0026) (0.0073) (0.0076) (0.0089) (0.0083) (0.0100)
Yo 0.0008 -0.0047 -0.0038 -0.0049 -0.0039 -0.0049
(0.0008) (0.0010) (0.0010) (0.0009) (0.0010) (0.0009)
sec60 -- 0.0327 0.0210 0.0189 0.0152 0.0156
(0.0120) (0.0131) (0.0123) (0.0132) (0.0125)
pri60 -- 0.0217 -- -- 0.0146 0.0101
(0.0076) (0.0075) (0.0077)
gcy -- -0.0756 -- -0.0828 -- -0.0713
(0.0267) (0.0235) (0.0250)
rev -- -0.0102 -- -0.0046 -- -0.0046
(0.0068) (0.0065) (0.0065)
assass - -0.0437 -- -0.0358 - -0.0397
(0.0196) (0.0182) (0.0184)
ppi60dev -- -0.0062 -- -0.0027 -- -0.0031
(0.0039) (0.0037) (0.0037)
inv -- -- 0.0013 0.0010 0.0011 0.0009
(0.0002) (0.0002) (0.0002) (0.0002)
pop -- -- -0.0015 -0.0022 -0.0011 -0.0019
(0.0022) (0.0021) (0.0022) (0.0021)

ANOVA -- 10.883 -- 4.323 -- 3.717

(0.000) (0.003) (0.008)
Adjusted R 0.0003 0.3772 0.3804 0.4565 0.3984 0.4608

Notes: Our sample contains observations on 100tdesrwhile Barro (1991) uses observations on 98
countries. The estimated equation is given(By/ Y);, = a + Byq,; + V' X, + &, where(Ay/ YY), is

the average growth rate for the 1960-85 perigg, is the level of income per capita for 1960, ants X
the matrix of control variables listed above. Stmdderrors are in parenthesis.
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Table 4: Previous results on convergence: the Baquation

Dependent variable: Average growth rate in reaPGi@r capita for 1960-1985

Variable tau Equation 7 Equation 8 Equation 9 Equation 10 Equation 11
Const. 0.25 0.0225 (0.0072) -0.0045 (0.0052) 0.0RO2104) -0.0039 (0.0080) 0.0140 (0.0100)
0.50 0.0112 (0.0084) 0.0035 (0.0070) 0.0262 (GBPO8 -0.0008 (0.0066) 0.0118 (0.0092)
0.75 0.0195 (0.0072) 0.0151 (0.0117)  0.0453 (0zp08 0.0026 (0.0131)  0.0379 (0.0141)
gdp60 0.25 -0.0035 (0.0011) -0.0034 (0.0006) -030@40007) -0.0035 (0.0010) -0.0042 (0.0006)
0.50 -0.0037 (0.0009) -0.0042 (0.0005) -0.0040Q00) -0.0037 (0.0004) -0.0048 (0.0008)
0.75 -0.0053 (0.0010) -0.0043 (0.0012) -0.006@Q00) -0.0044 (0.0011) -0.0058 (0.0010)
Sec60 0.25 0.0179(0.0118) 0.0204 (0.0057) 0.001DY8) 0.0187 (0.0110) 0.0032 (0.0103)
0.50 0.0185(0.0113) 0.0266 (0.0071)  0.0207 (BP13 0.0074 (0.0064)  0.0166 (0.0126)
0.75 0.0336 (0.0107) 0.0181 (0.0155) 0.0291 (@BP12 0.0249 (0.0152)  0.0254 (0.0137)
pri60 0.25 0.0187 (0.0070) - -- 0.0041 (0.0083) 01@5 (0.0082)
0.50 0.0330 (0.0088) -- - 0.0160 (0.0068)  0.000L8071)
0.75 0.0306 (0.0086) -- - 0.0252 (0.0126)  0.00%B109)
Gey 0.25 -0.1277 (0.0201) - -0.0999 (0.0337) - .0708 (0.0312)
0.50 -0.0403 (0.0401) -- -0.0807 (0.0315) -- -0960.0260)
0.75 -0.0442 (0.0246) -- -0.0790 (0.0399) -- -9870.0348)
Rev 0.25 -0.0173 (0.0087) - -0.0024 (0.0056) -- .0088 (0.0076)
0.50 -0.0112 (0.0095) -- -0.0063 (0.0059) -- -6.900.0058)
0.75 -0.0109 (0.0093) -- -0.0138 (0.0072) -- -9800.0112)
Assass 0.25 -0.0553 (0.0921) -- -0.0791 (0.0556) - -0.0974 (0.0656)
0.50 -0.0371 (0.0448) -0.0135 (0.0473) - -0.00B5561)
0.75 -0.0215 (0.0161) -- -0.0273 (0.0214) -- -8.020.0094)
pppi60dev  0.25  -0.0046 (0.0096) - -0.0009 (0.0086) -- -08(®.0079)
0.50 -0.0043 (0.0073) -- -0.0043 (0.0051) -- -3800.0073)
0.75 -0.0000 (0.0037) -- -0.0011 (0.0095) -- 0DQL0072)
Inv 0.25 -- 0.0014 (0.0001) 0.0012 (0.0003) 0.001B003) 0.0011 (0.0002)
0.50 -- 0.0013 (0.0002) 0.0010 (0.0002) 0.001@Q02) 0.0011 (0.0002)
0.75 -- 0.0012 (0.0004)  0.0006 (0.0003) 0.00068q04) 0.0003 (0.0003)
Pop 0.25 -- -0.0020 (0.0016) -0.0039 (0.0011) -PEO@®.0021) -0.0040 (0.0017)
0.50 -- -0.0016 (0.0017) -0.0024 (0.0017) -0.000.P017) -0.0013 (0.0014)
0.75 -- -0.0006 (0.0034) -0.0036 (0.0023) 0.00D6F34) -0.0035 (0.0028)
ANOVA 0.25 47.675 (0.000) - 2.540 (0.045) - 2.236 (2)07
0.50 5.938 (0.000) - 2.048 (0.094) -- 1.793 (@)13
0.75 14.852 (0.000) - 3.493 (0.011) - 4.554Qa)0

Slope Stability

1.492 (0.113)

1.186 (0.307)

1.22052)

1.322 (0.218)

1.402 (0.129)

Notes: The sample size is 100.
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Table 5

Table 5: Previous results on convergence: the MRWagon
Dependent variable: Average log difference in G@Pworker
Variable Equation 12.A  Equation 13.A  Equation 14.A  Equation 15.A

Large Large OECD OECD
Sample Sample Sample Sample
A. MRW Data Set
Yo 0.0000 -0.0119 -0.0136 -0.0159
(0.0019) (0.0020) (0.0031) (0.0028)
Inv -- 0.0221 -- 0.0133
(0.0035) (0.0069)
Ngdelta -- -0.0203 -- -0.034537
(0.0101) (0.0135)
School -- 0.0087 -- 0.0091
(0.0024) (0.0058)
Adjusted R -0.0097 0.4964 0.4597 0.6512
Sample size 104 104 22 22
Variable Equation 12.B  Equation 13.B  Equation 14.B  Equation 15.B
Large Large OECD OECD
Sample Sample Sample Sample
B. BG Data Set
Yo 0.0045 -0.0122 -0.0134 -0.0157
(0.0022) (0.0024) (0.0030) (0.0025)
Inv -- 0.0143 -- 0.0087
(0.0025) (0.0057)
ngdelta -- -0.0319 -- -0.0293
(0.0105) (0.0108)
school -- 0.0098 -- 0.0122
(0.0024) (0.0067)
Adjusted R 0.03358 0.5609 0.4923 0.746

Sample size 90 90 20 20

Note: Our dependent variable is the averagelifference in GDP per worker, while MRW
uses the log difference as dependent variablerder to compare our estimated coefficients
with those in MRW, our estimated coefficieatvk to be multiplied by 25 (that is, the
number of years in MRW's sample period).
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Table 6

Table 6: Comparison between the MRW and BGedé# convergence
and half-lives — OECD and large sample

Quantile MRW MRW BG BG
Speed of Half-life Speed of Half-life
Conver gence (in years) Convergence (in years)
qlo 0.69% 100.84 0.43% 161.94
0.69% 99.75 0.79% 87.68
g20 1.36% 51.09 1.98% 35.07
1.09% 63.73 1.09% 63.44
q30 1.53% 45.43 2.41% 28.81
1.19% 58.48 1.63% 42.50
q40 2.06% 33.70 2.31% 30.00
1.25% 55.36 1.44% 48.02
g50 1.83% 37.88 2.34% 29.62
1.46% 47.58 1.62% 42.75
g60 1.71% 40.64 2.28% 30.46
1.56% 44.35 2.25% 30.79
q70 1.90% 36.48 2.30% 30.10
2.03% 34.15 1.91% 36.30
g80 1.91% 36.35 2.34% 29.67
2.11% 32.89 2.24% 30.89
q90 5.59% 12.40 3.78% 18.31
2.22% 31.26 2.95% 23.49
OoLS 1.67% 41.54 1.81% 38.26
estimate 1.41% 49.11 1.60% 43.43

Notes: On the first and third columns the obseovatin the top is the speed of convergence for
the unconditional growth equation for the OECD skmpnd the observation on the bottom is
the speed of convergence for the conditional gromdbation for the large sample. On the
second and fourth columns the observation on tpeigathe half-life for the unconditional
growth equation for the OECD sample, and the olagiemy on the bottom is the half-life for the
conditional growth equation for the large samplée Tspeed of convergence is calculated

according to— (L—e ") /T = b, where b is the estimated coefficient, T is thesie period,
and 3 is the speed of convergence. The half-life is Wated according to the formula

~In(05)/ 3.
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Table 7

Table 7: ANOVA tests for the MRW equasanith the BG data

Variable tau Equation 16 Equation 17 Equation 18
Constant 0.25 -0.0449 (0.0336) 0.1302 (0.0390) %B.0330)
0.50 -0.0217 (0.0196) 0.0816 (0.0360) 0.1471 (203
0.75 -0.0019 (0.0266) 0.0761 (0.0425) 0.1332 @8)3
OLS -0.0227 (0.0186) 0.0726 (0.0341) 0.1282 (09033
Y60 0.25 0.0060 (0.0038) -0.0093 (0.0027) -0.01mOq23)
0.50 0.0043 (0.0023) -0.0082 (0.0024) -0.0131022)
0.75 0.0026 (0.0029) -0.0100 (0.0029) -0.01520240
OLS 0.0045 (0.0022) -0.0071 (0.0022) -0.0123 (840
Sk6095 0.25 -- 0.0195 (0.0033) 0.0142 (0.0017)
0.50 -- 0.0203 (0.0020) 0.0118 (0.0031)
0.75 -- 0.0220 (0.0024) 0.0151 (0.0031)
OLS -- 0.0198 (0.0023) 0.0145 (0.0026)
glf6095 0.25 -- -0.0470 (0.0114) -0.0402 (0.0100)
0.50 -- -0.0248 (0.0109) -0.0368 (0.0087)
0.75 -- -0.0137 (0.0126) -0.0179 (0.0101)
OLS -- -0.0243 (0.0112) -0.0316 (0.0103)
Sh6095 0.25 -- -- 0.0089 (0.0024)
0.50 -- - 0.0124 (0.0032)
0.75 -- - 0.0091 (0.0030)
OLS -- -- 0.0097 (0.0024)
ANOVA 0.25 -- 31.361 (0.000) 14.416 (0.000)
0.50 -- 56.099 (0.000) 15.172 (0.000)
0.75 -- 44.738 (0.000) 9.053 (0.003)
OLS -- 39.222 (0.000) 49.238 (0.000)

Slope Stability

0.376 (0.687)

1.733 (0.114)

3.908Q0)

Notes: The sample size is 90 for allapns.
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Figure 1 — Large 50
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Figure 2 — Large_60
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Figure 3 - Stacks
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Figure 4 — Table 3, Equation 1
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Figure 5 —Equation 2, Table 3
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Figure 5 — Equation 2, Table 3
Barro Conditional, cont.
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Figure 6 — Equation 3, Table 3

Barro Conditional

T T T T T T
800 900 #0'0 z00 000 Z0'0- P00
0g28s
T = T
0000 co0'0- P00 9000~

09A

10

08

06

04

02

00

10

08

08

04

02

00

5000 0000 G000~ 0L0'0-
dod

02000 Slooo olooo 50000

10

08

06

04

02

00

10

08

08

04

02

00

41



Figure 7 — Table 5, Equation 13.B
MRW Conditional, BG Data Set
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