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Executive Summary

This paper investigated the effects of health indicators such as adult survival rates (ASR) on
economic growth rates at 5-year intervals in the period 1965-90 in developed and developing
countries. Thisis an important topic because economic performance of developing countries could
conceivably be enhanced by improving health of the citizens. Because of the previous findings
regarding the life expectancy-income relationship by Preston (1976), the extent to which additional
resources should be invested in health is likely to depend on the Gross Domestic Product (GDP) of
the country. While health can be defined more broadly to include indicators of physical and mental
health of the population especially by age cohorts, data on health indicators at the national level
typically comprise of variables such as life expectancy, child mortality, adult survival rates, etc.

Panel datawere analyzed inthis paper on Gross Domestic Product (GDP) series based on purchasing
power adjustments (Penn World Table; PWT) and a GDP series based on official exchange rates
(World Development Indicators; WDI) using several econometric methodologies. It was important to
use two alternative GDP series because purchasing power comparisons in the PWT invoke several
assumptions about prices of goods in countries where the data were unavailable and used certain
smoothing procedures. The analysis of growth rates would be more reliableif the use of two GDP
series led to similar results. First, we developed a framework for modeling the inter-relationships
between GDP growth rates and explanatory variables by re-examining the life expectancy-income
relationship. It is argued that, while the effects of ASR are likely to taper off at relatively low GDP
levels, a broader view of health entails focusing on human development, including the formation of
human capital. Nutrition and learning are essential components of human devel opment.

Second, the stochastic properties of the GDP series were analyzed by applying classical testsfor unit
roots in afixed effects framework; a dynamic random effects framework was subsequently used for
specification testing. The GDP series showed persistence and heteroscedasticity over time; growth
rates seemed amenable to econometric modeling. The analysis provided important insights for using
the appropriate models for growth rates. Third, models for growth rates were estimated using panel

data, taking into account the interaction between ASR and lagged GDP level that is essential for

understanding the associations between economic growth and measures of health. The problems of

simultaneity of explanatory variables, namely, lagged investment/GDP ratio, ASR, GDP, and
interaction between these variables was addressed in a static random effects framework. Fourth, we
computed the confidenceintervalsfor the net effect of ASR and on GDP growth rates. Thisenabled a
systematic treatment of the GDP levels beyond which the effects of ASR on growth rates were not

statistically significant. We also developed and applied atest for parameter stability to GDP growth
rates outside the sample period (in 1995) using the GDP data from the WDI. The results indicated
that our model for growth rate performed better outside the sample period when the simultaneity of

some of the explanatory variables was taken into account.

Overall, the results showed the importance of ASR on growth rates for poor countries, the GDP
levels beyond which ASR had a zero impact on growth rates using datafrom PWT and WDI were,
respectively, 3554 international dollars and 690 dollars in 1987 prices. While these figures indicate
that benefits of health apply primarily to poor countries, it is argued in the paper that other measures



of health such as disease prevalence rates and cognitive functioning are important for maintaining a
steady supply of skilled labour; skilled labour is an important ingredient in economic production. The
collection of more comprehensive data on the prevalence of various diseases by age cohortsin future
work is likely to afford sharper insights into the effects of health on the economic growth, even for
countries in the middle and high income groups.

1. Introduction

The twentieth century has seen remarkable gains in health. Average life expectancy in developing
countries was only 40 years in 1950 but had increased to 63 years by 1990 (World Bank, 1993).
Factors such asimproved nutrition, better sanitation, innovations in medical technologies, and public
health infrastructure have gradually increased the human life span. The relative contribution of these
factors depends on thelevel of economic development; there are synergisms between the underlying
factors operating in complex ways. Thus, for example, while recognizing various determinants of life
expectancy, Preston (1976) emphasized economic development as the most important factor.
However, sincelife expectancy is strongly influenced by child mortality, low-cost interventions such
as the provision of ante natal care and vaccination programs in poor countries can be effective
instrumentsfor raising life expectancy. More generally, economic development depends on the level
of skills acquired by the population and on capital formation. The former is influenced by child
nutrition, educational infrastructure, and households’ resources, including parents’ physical hedth and
cognitive attainment (e.g. Fogel, 1994, Scrimshaw, 1996, Bhargava, 1998a, 1999d). Capitd
accumulation depends on the savings rate that is also influenced by adult health.

Analyses of theinter-rel ationships between health and economic productivity can be conducted at the
individual level, at regional levelswithin acountry, and for aggregate data on countries. In developing
countries, there are numerous micro studies in biological and social sciences showing benefits of
better health on productivity (e.g. Basta et al., 1979, Spurr, 1983, Bhargava, 1997, Strauss and
Thomas, 1998). Quantifying the relationship between health indicators and economic productivity is
more subtlein developed countries. For example, the effects of disability on employment status have
been investigated in the Netherlands (Stronks et al., 1997); the relationship was stronger in physically
demanding occupations where earnings are typically low. The earnings of alarge proportion of the
population, however, depend on their general health and well-being, including mental health. While
psychologists have investigated the decline with age in components of cognitive abilities (Horn and
Hofer, 1992), the effects on such factors on individuals' productivity remain largely unknown.

Recently, aggregate data at the country level for the post war period have become accessible
(Summers and Heston, 1991 (PWT); World Development Indicators (WDI), 1998). Panel data on
countries have been extensively used to ducidate economic relationships (e.g. Barro and Sala-i-
Martin, 1995, Barro, 1997). Because many countries have experienced demographic and health
transition in this period, studies can yield insightsinto the sources of economic growth. Thequality of
the data, however, can be poor especially in less developed countries where many of the variables



are“projections” from statistical modds. For example, the purchasing power parity indices commonly
used for constructing the real Gross Domestic Product (GDP) series in the PWT are based on
information on a subset of countries. Further, most countries face different socioeconomic and
infrastructural constraints that are difficult to approximate in the analyses. Pooling data across
countries can lead to spurious results, especialy if the investigators fail to address stochastic
properties of the dependent variable in econometric modeling (Sargan, 1964). Such problems are
exacerbated in models explaining aggregate variables such as the GDP. Moreover, growth rates
averaged over long time periods (e.g. 25 years) tend to describe economic activity in away that is
similar to the GDP. By contrast, the 5-year average growth rates analyzed in this paper show
considerable variation but are less noisy than the annual growth rates.

The purpose of this paper isto modd the proximate determinants of economic growth with emphasis
on variables that approximate health of the population. In so doing, we develop an analytical

framework within which issues of demographic transition, human development, and capital formation
can be discussed. In addition, the models incorporate the stochastic properties of the GDP series and
takeinto account the data limitations. Section 2 describes the dataused in theanalysis. The analytical

framework for modeling the effects of health on economic growth is developed in Section 3.1; the
econometric framework is outlined in the Appendix. Stochastic properties of the GDP seriesfromthe
PWT and WDI wereinvestigated in afixed effects framework and al so using dynamic random effects
modelsin Section 4 (Bhargavaet al., 1982, Bhargavaand Sargan, 1983, Bhargava, 1987). In Section
5.1, average growth rates at 5 year intervals are modeled using amodel similar to Barro (1997) but
allowing for simultaneity and interactions between someregressors. Instrumental variables estimation
methods were used and certain maintained hypotheses weretested (Bhargava, 1991). In Section 5.2,
we elaborate on therole of theinteraction between lagged adult survival rate and GDP from apolicy
standpoint. Stability of the estimated parameters is tested by a Wald test using out-of-sample
observationsfor 1995 on GDP from the WDI in Section 5.3. Finally, the conclusions are summarized
in Section 6.

2. The Data

Thedata used in the analysis were primarily from the Penn World Table (PWT; Summers and Heston,
1991) and the World Development Indicators (WDI; World Bank, 1998). The GDP seriesinthe PWVT
arein “international 1985 dollars’ that were based on purchasing power comparisons for a subset of
countries; GDP series from the WDI based on the official exchange rates was in 1987 constant
dollars. The WDI GDP series was likely to show greater variability because exchange rate
fluctuations can induce distortions especially for small countries. However, the PWT GDP series
involves estimation of the purchasing power parity indices for countries where the data were not
available (Summers and Heston, 1991, Ahmad, 1992). The statistical mode s used to estimaterdative
prices utilized certain explanatory variables that may also be important for explaining growth rates.
Conclusion from our analysis will be strengthened if GDP series based on purchasing power
comparisons and exchange rates yield similar results.



Thetotal fertility rate, life expectancy, and population variables were availablein the PWT and WDI
data sets. In addition to life expectancy, we used the adult survival rate (ASR; probability of surviving
the 60th birthday after reaching the age 15 years; mean=0.702, standard deviation=0.14) from Bos et
al. (1998). The ASR is less sensitive to child mortality rates and was constructed from World Bank
demographic files containing mortality data on many countries; figures for some countries were
projections from demographic models. Typically, dataon life expectancy, total fertility rate and adult
survival rates were compiled in PWT and WDI at irregular intervals. To reduce the effects of
projections on the empirical results, we analyzed panel datathat were separated by 5 year intervalsi.e.
6 time observations on the countries (in 1965, 1970, 1975, 1980, 1985, 1990) were used (first
observation in WDI series was for 1966).

The education series (average years of education for population aged 15-60) for the 6 time periods
werefrom Barro and Lee (1996). Data on geographical variables such asthe areain thetropics, if the
country is*“land-locked”, different indicators for the prevalence of malaria, and anindex of openness
to trade were taken from Gallup and Sachs (1998); alternative measures were utilized for variables
such as openness from the PWT. Overall, the GDP data covered 125 countriesin the PWT and 107
countriesinthe WDI. However, because of missing observations on explanatory variables, the sample
sizes used in the estimation were lower for the models for growth rates.

It is also feasible to estimate aggregate production functions for the countries; some preliminary
results were presented in Jamison et al. (1998). However, data on physical capital stock were
availablefor only 58 countriesinthe PWT. Collins and Bosworth (1996) and Nehru and Dhareshwar
(1993) have imputed the data on physical capital for a larger number of countries under certain
assumptions on depreciation rates. Because these assumptions are not standard and because the focus
of our analysis was on the relationship between health indicators and economic growth, we do not
report the results for aggregate production functions in this paper.

3. A framework for modeling the effects of health on economic output

3.1 The conceptual framework

Preston (1976) analyzed cross-country data on life expectancy and national incomes for the
approximate periods 1900, 1930 and 1960 and observed that the curves showed an upward shift over
time; for agivenincomelevd, life expectancy was highest in 1960's. Moreover, percapita GDP above
$600 (in 1963 prices) had littleimpact in raising the highest life expectancy (approximately 73 years)
in the 1960's. While recognizing that shifts in the curves had multiple causes, Preston attributed
approximately 15% of thegainsin life expectancy to income growth but was | ess optimistic about the
role played by nutrition and literacy. However, recent analyses of historical data suggest larger
benefits from improved nutrition (Flood et a., 1991, Fogel, 1994). Furthermore, public health
programs reducing sicknesses have beneficial effects on health by preventing theloss of vital nutrients
dueto infection (Scrimshaw et a., 1959).



Life expectancy (or the adult survival rate) in a country is a broad measure of population health,
though it need not accurately reflect the productivity of the labor force. For example, suppose that
due to poor childhood nutrition, ability of individuals to perform productive tasks diminishes at an
early age but, because of easy access to medical care, life expectancy is high (the Indian state of
Kerala can be described by these attributes; 11PS, 1995). Then productivity loss will be under-
estimated if life expectancy was used as the soleindicator of health. Indices measuring disabilities of
the working population in various occupations would beinsightful for assessing productivity loss (e.g.
Murray and Lopez, 1996).

At ageneral level, capital formation requires that a high proportion of the skilled labor force remains
active for a number of years; experience is important for technical innovations that take years of
investments in research and development. Because detailed information on such variables cannot be
utilized in national comparisons, a broader view of health is helpful for interpreting the results. In
particular, investments in education and training critically depend on survival probabilities;
expenditure on children’ s education isinfluenced by parents’ subjective probabilities of child survival.
All these factors are potentially important for explaining economic growth.

Panel data on developing and devel oped countries provide an opportunity to disentangle some of the
effects of demographic, health, and economic variables on growth because the countries are at
different stages of economic and social development. In certain developing countries, for example,
high fertility rates hamper investmentsin child health and education. Poor child healthislikely to lead
to reduced physical work capacity when the children turn into adults (Spurr, 1983). Thus, in the
absence of natural resources, countries may not be able to escape from the poverty trap. Because
many devel oping countries have prospered during the sample period (1965-90) while others have nat,
amodel for the proximate determinants of economic growth can shed some light on these issues.

The dependence of life expectancy on incomes up until a certain threshold suggests that it would be
useful to model the GDP or growth rates using a flexible production function such as the trans-
logarithmic function (Christensen et al. 1973, Sargan, 1971). Boskin and Lau (1992) estimated
aggregated production functions for 5 highly devel oped (G-5) countries using annual observationsin
the postwar period. Kim and Lau (1994) extended the analysis to cover 4 countries in the Pacific
basin where good data on the physical capital stock were available. From the standpoint of modeling
the effects of health on growth rates, the flexible functional form approach underscores the possible
interaction between explanatory variables and the importance of squared terms in the modd. While
precise estimation of coefficients of high order terms would require large sample sizes, the work by
Preston (1976) demonstrated certain asymmetries in the life expectancy-incomes relationship. It is
therefore likely that the impact of health indicators such as the adult survival rate (ASR) on growth
rates would depend on the level of GDP. For example, ASR should be important for explaining
economic growth at low levels of GDP. In more affluent settings, investments in education and
training and other measures of health such as the decline in cognitive abilities with age, and age-
specific disease prevalencerates, may be of greater importance. The methodological framework used
in the paper is described in detail in the Appendix.



4. Empirical Resultsfor the Penn World Table and World Development Indicators GDP series

4.1 Stochastic properties of the GDP seriesin a fixed effects framework

The GDP data from the PWT were based on purchasing power comparison and covered 125
countries at 5-yearly intervals in 6 time periods (1965-90); GDP series from the WDI covered 107
countries and were in constant 1987 dollars, converted using the official exchange rates. The
generalized Durbin-Watson ratio (A.3) for natural logarithm of the PWT and WDI series were,
respectively, 0.4277 and 0.4585. The five percent significance limit for testing the unit root null
hypothesis was interpolated to be 0.94 from Table V in Bhargava et al. (1982). Thus, the unit root
null hypothesis cannot berejected for both the GDP series. By contrast, the Durbin-Watson ratio for
the corresponding GDP growth rates were 1.511 and 1.925, respectively. The unit root null
hypothesiswas firmly rejected for growth rates. Moreover, the significance limit at 5% for testing for
serial independence (i.e. a=0) was 1.87 from Table | in Bhargava et al. (1982). Thus, one would
accept the null hypothesisthat the GDP growth ratesin the WDI were serially independent; therewas
slight positive serial correlation in growth rates based on the PWT GDP data.

The above results indicated a high degree of persistencein the GDP series from the PWT and WDI.
One would expect persistence to be higher in the former series because of the methods used to
smooth the data and also because movements in exchange rates were likely to induce noise in the
WDI GDP series. Notethat the Durbin-Watson statistic did not control for macro trends underlying
the GDP seriesi.e. means in different time periods were assumed to be the same. Including thetime
dummies in the modd, the sample criteria for the Durbin-Watson statistics for the two GDP series
increased to 0.456 and 0.488, respectively. This slight increase did not ater the conclusions in any
significant way. It thereforeseemed likely that trends affecting aggregate GDP series were of amore
complex nature.

Next, we postulated the presence of country specific trends asin (A.5) and tested the unit root null

hypothesis using theratio (A.6). The sample criteria of Ryp for the PWT and WDI GDP series were
1.366 and 1.527, respectively. The exact significancelimit of Ry for PWT where N=125 (T=6) was
calculated to be 1.62794; the limit when N=107 (WDI) was 1.62120. The unit root null hypothesis
was accepted in both cases though the sample criteria for Rz were substantially higher than in the
situation wherethe simple Durbin-Watson ratio (A.3) was used to test for aunit root. The F statistics
(A.7) for testing that the N coefficients of the drift terms were zero were 4.791 and 4.450,
respectively, for the PWT and WDI GDP series. Thus, the null hypotheses of zero drifts were
rejected; the data appeared to contain afair amount of heterogeneity. This, however, should not be
interpreted asimplying that we have arrived at areasonable specification for the GDP series. For, the
model fitted N country specific dummy variables and another N drifts parameters to the data (there
were 250 and 214 parameters estimated, respectively, for the PWT and the WDI data sets).
Moreover, insofar as T was fixed, further analysis of stochastic properties of the error terms such as
changes in variances over time was infeasible in the fixed effects framework due to the incidental

parameters.



From an econometric modeling standpoint, the estimated coefficients of country specific timetrends
reflect the time path of economic and demographic variables affecting GDP. An econometric model
should be able to capture these trends in a parsimonious way. Because the properties of parameter
estimates in the fixed effects model are adversely affected by incidental parameters, it was useful to
investigate stochastic properties of the GDP seriesin arandom effects framework. In the next section,
we used dynamic random effects model s to estimate the parameters and test aternative specifications
for theerrors. Subsequently, in Section 5, econometric modelsfor growth rates were estimated taking
into account the conceptual and methodological issues discussed above.

4.2 Sochastic properties of the GDP seriesin a dynamic random effects framework

Table 1 presents the maximum likelihood estimates of thefirst order non-stationary autoregression for
natural logarithm of percapita GDP series and for growth rates from the PWT and WDI. The models
for GDP included four dummy variables for time periods; for growth rates, at most three such
variables can beincluded. There are several noteworthy features of the results. First, coefficients of
the lagged dependent variables for logarithm of the GDP exceeded unity for both the PWT and WDI
data series. The ratio of between to within variance [i.e. var(d)/var(wi) in (A.10)] were not
significantly different from zero which could be due to the modest number of countriesin the data set
(Fisher, 1973). Second, the likelihood ratio statistics reected the constraints implied by the non-
stationary first order autoregression against the alternative that the variance covariance matrix of the
errors (V's) was of a more general type for both the series. However, as noted in the Appendix,
parameters of the dynamic model with unrestricted variance covariance matrix may not beidentified.

Third, for growth rates, coefficient of the lagged dependent variable for PWT data was small but
significantly different from zero; the coefficient using WDI series was insignificant at the 5 percent
level. By contrast, between to within variance ratio was not statistically significant for the PWT data
but was significant for the WDI. Because of the modest number of countriesin the sample, statistical
errors in estimating parameters such as the between/within variance ratio were likely to be large.
Fourth, both the PWT and WDI growth rate series accepted the constraints implied by the non-
stationary random effects model; growth rate series appeared to have attractive stochastic properties.
The results broadly supported the conclusions reached in Section 4.1, where the Durbin-Watson
statistic was applied to the fixed effects model. In particular, the growth rates exhibited slight
persistence over time and mild heterogeneity across countries.

The empirical results for the first order stationary model are presented in Table 2; coefficient of the
lagged dependent variable was constrained to be smaller than unity in this formulation. However, the
estimated coefficients for the logarithm of the GDP were very close to unity; the estimated
between/within varianceratio was very closeto zero indicating a boundary solution. Taken together,
the results suggested that the stationary model is too restrictive a formulation for GDP series. By
contrast, parameter estimates from the model for growth rates were similar in Tables 1 and 2. For
growth rates, the main difference between the estimates was that the PWT data accepted the

10



constraintsimplied by the stationary model whereas the WDI datarejected these constraints. In view
of the different procedures used to create the GDP series, one would expect some dissimilarities
between the empirical results. This issue will again be addressed below.

Table 3 presentstheresultsfor testing various stochastic specifications on an unconstrained estimate
of thevariance covariance matrix of theerrorsw’sin (A.11) using a sequence of Wald statistics. The
stati stics were computed under the assumption that the true distribution function of the errors may be
non-normal. The Wald statistics are presented for the PWT and WDI GDP series. The results for
growth rates were suppressed; as seen in Tables 1 and 2, growth rates possessed rather simple
stochastic properties. Note that with T=6, the w’'s in equation (A.11) can be assumed to follow at
most a third order moving average (MA(3)) process. Moreover, Wald tests were sequential in the
sensethat we would not test the null hypothesisthat the errors follow a second order moving average
(MA(2)) if we had previously rejected the MA(3) process. It is desirable to test the sequential
hypotheses at an overall significanceleve that is higher than the conventional level 5% (e.g. 10%; see
Anderson, 1971).

First considering the results for the PWT data, Wald statistics firmly rejected the random effects
modelswith MA(3) errors wherethe errors on (A.11) were assumed to have constant variance over
time. Thus, it was necessary to work with a more general formulation allowing the variances of the
W’s to change over time. The next set of results in Table 3 assumed that the variances changed
linearly over time. The Wald test accepted the null hypothesis that the errors followed a MA(3)
process. Further, the null hypothesis that errors were generated by an MA(2) process was aso
accepted. However, the datafirmly rgected the MA (1) mode. Thediagonal € ements of the variance
covariance matrix accepted the linear and exponential formulations for variances of w's over time.

Theresultsfor GDP datafrom WDI in Table 3 supported the conclusions from the PWT data. Again,
Wald statistics regected specifications assuming homoscedastic variances of the w's. In the
heteroscedastic case, the MA(2) process was accepted by the WDI data. The Wald statistics were
also applied to the model where GDP was regressed on the population variable. The conclusions were
broadly similar indicating that the structure of the unconstrained variance covariance matrix of the
errors was not critically affected by identification problems discussed in Section 3.2.

In summary, aggregate GDP series appeared to possess complex stochastic properties; growth rates
can be modeled using parsimonious formulations. In both cases, however, it is appealing to invoke
weak assumptions on the error structures affecting the models. In Section 5.1, we estimate growth
models of the type suggested by Barro (1997) while addressing endogeneity issues,; variance
covariance matrix of the errors will be assumed to be unconstrained in the estimation.

4.3 Empirical results for models for growth rates

Table 4 presents the empirical results for average growth rates for 92 countries at 5 year intervals
using the PWT GDP series; results using differenced logarithms of GDP werevery similar. Themode
issimilar in spirit to Barro (1997) but, as will be apparent from the discussion, it differsin
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a number of important respects. Specification 1 treated the explanatory variables as exogenous;
lagged values of investment/GDP ratio, adult survival rate (ASR), GDP, and interaction between
ASR and GDP were treated as endogenous variables in Specification 2. The estimation method for
Specification 2 assumed a random effects type decomposition (A.13) for correlation between
endogenous variables and the errors; variance covariance matrix of the errors was unrestricted. The
model s were al so estimated assuming ageneral correlation pattern between explanatory variables and
the errors. However, for reasons outlined in Section 3.2 such as the data on explanatory variables at
various pointsin timewere projections, identification conditions in the general case appeared to have
been violated. In the discussion, we therefore focus on the correlation structure (A.13).

Themain results can be summarized as follows. First, the coefficient of the percentage of areaof the
country in the tropics was estimated with a negative sign that was statistically significant. However,
coefficients of various indices for prevalence of malariawere all insignificant (cf. Gallup and Sachs,
1998). Because many determinants of economic growth are crudely approximated by national

averages, cross-country regressions often attribute the influence of such factorsto variablesthat are
correlated with them. Such problems are exacerbated in modeling aggregate variables such as the
GDP that is affected by the interaction between alarge number of socioeconomic and demographic
factors. Moreover, growth rates averaged over long time periods tend to describe economic activity
in away that is similar to the movements in the GDP levels. By contrast, 5-yearly average growth
rates retain some properties of variability inherent in economic growth but are less noisy than annual

figures. It is evident that some of the associations found using long-term average growth rates will

not be substantiated by our approach.

Second, openness of the economy was positively associated with growth rates; magnitude of the
coefficient was robust to the use of alternative definition from the PWT. Thelog of total fertility rate
(TFR) was negatively associated with growth rates and was statisticaly significant. High fertility rates
are common in many devel oping countries and increase the demand on resources for health careand
education; the work force does not increase equiproportionately with the population. Also, high
fertility ratesin developing countries often reflect unwanted fertility that adversdly affects households

resource allocation decisions (Bhargava, 1998b). For example, theratio of skilled to unskilled labor is
likely to be negatively associated with TFR dueto diminished resources availablefor education; these
factors suggest that TFR is likely to be negatively associated with economic growth.

Third, the lagged investment/GDP ratio had a positive coefficient that was statistically significant.
Economic growth was affected by decisions to invest in physical capital and in skilled labor that are
essential for innovations, management, health care, etc. The fact that the coefficient of the
investment/GDP ratio was small suggests that one should not dismiss proximate determinants of
growth because of their small magnitudes. Of course, coefficients should be statistically significant
and robust to changes in model specification. However, the extent to which one can investigate
adequacy of models for growth rates is limited by difficulties such as the large variation in growth
rates, modest number of countriesin the sample, measurement errorsin the explanatory variables, etc.
For example, one might have expected a variable such as the average years of education for the

12



population aged 15-60 (Barro and Lee, 1996) to be positively associated with economic growth. This
was not the case in the present models in part because variation in this variable was relatively small
for anumber of developing countries.

Fourth, the lagged adult survival rate (ASR) and interaction between ASR and GDP were highly
significant predictors of economic growth. Theimpact of ASR was positiveat low levels of GDP and,
for example, approached zero in Specification 1 when the GDP was 2,474 international dollars. We
discuss thisissue in greater detail in Section 5.2. The empirical results were similar when ASR was
replaced by life expectancy though the modd where ASR was included provided a better fit. Thiswas
perhaps not surprising since life expectancy is strongly influenced by child mortality. Because child
mortality isitself affected by unwanted fertility in developing countries, TFR and ASR arereasonably
good indicators of the health infrastructure.

Fifth, the estimated coefficient of lagged GDP was negative showing a tendency of regression
towards the mean. Chi-squaretest indicated that the estimates from Specification 2 where thelagged
investment/GDP ratio, ASR, GDP, and interaction between ASR and GDP were treated as
endogenous variables was preferable. While the results in Specifications 1 and 2 were close, the
impact of ASR and interaction between ASR and GDP were both larger in magnitude in Specification
2. Thisincreased the level of GDP at which the effect of ASR on growth rate was zero to 3,554
international dollars. It is possible to compute the confidence intervals for the net effect of ASR on
growth rates. Because the treatment of endogeneity led to different results using the WDI GDP
series, we postpone this discussion until Section 5.2.

Theempirical resultsfor growth rates based on official exchange rates fromthe WDI arein Table5.
The results in Tables 4 and 5 were similar for most explanatory variables indicating that data
smoothing proceduresin the PWT appear to have had a small impact on the estimates. However, the
level of GDP at which theimpact of ASR on growth rate was zero in Specifications 1 and 2 were,
respectively, 938 and 690 constant 1987. These estimates were lower than the corresponding figures
for the PWT data when converted from international dollars to 1987 dollars. Overall, because the
WDI datawere not interpolated for most countries, there was a greater variation in the GDP series.
The effects of smoothing procedures will be evident in the next section where we investigated the
dependence of the net impact of ASR on the GDP level.

4.4 The net impact of adult survival rates of GDP growth rates

The adult survival rate (ASR) for a country is likely to be influenced by economic development,

access to and quality of medical care, and the public health infrastructure. However, beyond acertain
threshold, increasesin ASR aredifficult to achieve and may contribute disproportionately to older age
groups. By contrast, for countries at low levels of GDP, onewould expect significant effects of ASR
on economic growth due to the contribution of labor in prime years. Thus, models for growth rates
should allow someforms of non-linearities. Because of the modest number of countriesin the data set
and because the average life expectancy in the sample was around 60 years, only the
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interaction between lagged ASR and GDP was found to be statistically significant. For illustrative
purposes, we re-write the net effect of a change in ASR on growth rate as

bl = b2 + b3 (GDP) (1)
where b, and bs are, respectively, the (partial) coefficients of the logarithm of ASR and interaction
between logarithms of ASR and GDP in the modd (A.12). The coefficient b; can be computed at
different levels of GDP and a confidence interval can be calculated from noting that

var(by) = var(by) + var(bs).(GDP)* + 2 cov(b,,bs).(GDP) (2)
Thus, we can tabulate the effects of a unit change in ASR on growth rates and the corresponding
confidenceintervalsfor countriesin the sample at mean GDP levels. Theresultsfor the PWT dataare
presented in Figures 1 and 2, where Figure 2 plots the results for the case where the explanatory
variables lagged investment/GDP ratio, ASR, GDP, and interaction between ASR and GDP were
treated as endogenous. Theimpact was plotted against mean of the natural logarithm of GDP during
the sample period. Corresponding results for the WDI data arein Figures 3 and 4.

Theresults from PWT in Figure 1 showed significant positive effects of ASR on growth rates until
thelogarithm of the GDP was approximately 6.86 (953 international dollars); the corresponding result
where some of the explanatory variable were endogenouswas 7.5 (1,380 international dollars). Once
these points are crossed, the net effect approached zero and subsequently assumed negative values.
Note, however, that the negativeimpacts of ASR on growth rateswere not statistically different from
zero. Thiswas truein both Figures 1 and 2.

Theresults using WDI GDP series were similar for low income countries except for thefact that the
threshold wheretheimpact of ASR was zero was reached earlier in these data. The standard errors of
the effects were typically larger because the WDI GDP series exhibited greater noise. The main
difference between the results for PWT and WDI GDP series was that once the coefficients of the
ASR became negative, they were statistically significant for certain countries at the high end of the
incomedistributioninthe WDI exchangerate based GDP series. However, as noted in the Appendix,
this should not be narrowly construed as implying harmful effects of ASR on growth rates. Rather,
some of the affluent countries especially in Europe had achieved high ASR while experiencing slower
growth ratesin the sample period, presumably dueto historical and institutional reasons. Fluctuations
in exchange rates following the oil crisis may have also contributed to the distortions.

4.5 A Wald test for parameter stability outside the sample period and its application to the WDI

series

A Wald type statistic can be developed within the random effects framework to test if the parameters
remain constant outside the sample period; assuming that the number of countries (N) islarge, this
statistic would be asymptotically equivalent to the appropriate likelihood ratio test. The Wald statistic
can be computed by estimating the model for the N out-of-sample observationsin time period (T+1);
coefficients estimated from the mode (A.12) for the observations in the first T periods are then
substituted as parameter values under the null hypothesis. Formally, apart from the intercept term, let
b be the (kx1) vector of efficient estimates of the unknown coefficients in (A.12) and let b™ be the
corresponding estimates from the cross section regression for time period (T+1). Then, defining the
variance covariance matrix of b’ by V(b',b), the Wald statistic for parameter stability
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is given by

W = (b'-b) [V(b',b)]™ (b™-b) 3.
Under the null hypothesis of parameter stability, for largeN, W isdistributed as a Chi-square variable
with k degrees of freedom.

Because GDP data were available in the WDI for 1995 (the datafor 1995 are not as yet availablein
the PWT), we applied the statistic W to test the constancy of coefficients of the variables tropics,
openness, and lagged total fertility rate, investment/GDP ratio, ASR, interaction between ASR and
GDP, and GDP in two situations. First, lagged investment/GDP ratio, ASR, GDP, and interaction
between ASR and GDP were assumed to be exogenous. In the second case, these variables were
treated as endogenous. The samplecriteriafor the W statisticsin thetwo cases were 19.09 and 15.23,
respectively. For aChi-square variablewith 7 degrees of freedom, the critical values at 5% and 2.5%
are14.1 and 16.0, respectively. Thus, thetest accepted the null hypothesis of parameter constancy at
approximately 3.5% significance level in the situation where the four explanatory variables were
treated as endogenous.

Inthe present application, thereis additional uncertainty in applying Wald statistics because the mode
in time period (T+1) was estimated using least squares. It is possible to extend the Wald test to
situations where the modd is estimated for the out-of-sample period treating the four explanatory
variables are endogenous. This would entail using at |east two observations per country for the out-
of-sample period. However, given only 5 time observations on growth rates and the fact that the
sample criterion for the Wald statistic was close to its critical level in the endogenous explanatory
variables case, it seemed reasonable to accept the parameter stability null hypothesis using the WDI
GDP data.

5. Conclusion

This paper modeled the proximate determinants of economic growth at 5 yearly intervals using panel
data on GDP series based on purchasing power comparisons in the Penn World Table, and on
exchangerate conversions from the World Development Indicators. In the conceptual framework of
the analysis, the demographic literature relating life expectancy to income (Preston, 1976) was
integrated with models commonly specified for economic growth (Barro and Sala-i-Martin, 1995).
Appropriate econometric estimators and test procedures were used in the analysis to draw inferences.
While the stochastic properties of the two GDP series were complex, the empirical results from
estimating growth models and from specification tests for model adequacy were quite similar.

Although the health of individualsin a country can only be roughly approximated in national averages,
the models showed significant effects of adult survival rate (ASR) on economic growth for low
income countries. Thus, for example, for the poorest countries, a 1% change in ASR was associated
with an approximate 0.05% increase in growth rate. While the magnitude of this coefficient was
small, a similar increase of 1% in investment/GDP ratio was associated with a 0.014% increase in
growth rate. A novel aspect of the analysis was that we were able to estimate the threshold point
beyond which ASR had a negligible effect on growth rates; confidence intervals for
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the net impact of ASR on economic growth highlighted the asymmetries for poor and rich countries
(Figures 1-4).

The specification tests based on instrumental variables estimates showed that the explanatory
variables lagged ASR, investment/GDP ratio, GDP, and the interaction between ASR and GDP,
should be treated as simultaneously determined with growth rates. This was due to the likely
correlation between the unobserved country specific random effects and the explanatory variables.
Moreover, thetest developed in the paper for testing constancy of the model parameters outsidethe
sample period rejected the null hypothesis when the four explanatory variables were assumed to be
exogenous,; the statistic was closer to the 5% significance limit when these explanatory variables were
treated as endogenous.

From the viewpoint of the conceptual issues addressed in the paper, it is important that future
research compile more elaborate data on health indicators. Thus, for example, ASR in poor countries
reflectstheleve s of nutrition, smoking prevalencerates, infectious diseases, hedlth infrastructure, and
factors such as accidents leading to premature deaths. By contrast, differencesin ASRin middle and
high income countries may be strongly influenced by genetic factors and by thetimeliness and costs of
preventive health care. Becauseinvestmentsin skill acquisition in poor countries depend onthe ASR,
theyearsfor which skilled labor remains productiveislikely to beimportant for explaining economic
productivity. It would be useful to augment statistics such as percentages of skilled and unskilled
labor in countries by measures of physical and mental health. For example, work days lost duetoill
health can be estimated from household surveys or using other methodologies (e.g. Murray and
Lopez, 1996). Measures of cognitive function in different age cohorts may also be useful for
explaining economic performance of countries. Analyses based on e aborate data sets would afford
sharper insights into the likely impact of health on economic growth.
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APPENDI X

a) The econometric framework

The GDP series on countries are aggregated data that are likely to exhibit a high degree of
persistence. We begin by investigating the stochastic properties of the GDP series by testing for
aternative forms of non-stationarity. The models fitted to the GDP series will also be estimated for
growth rates. A comparison of the properties of the GDP series and growth rates will facilitate
selection of the appropriate modeling approach (e.g. Easterly et al., 1993). The econometric analysis
in this paper used four sets of methodologies that we now outline.

b) Non-stationarity in the fixed effects framework

Theclassical von Neumann ratio (1941) or the Durbin-Watson (1950) statistic can be used to test for
aunit root against stationary alternatives within a fixed effects framework (Bhargava et a., 1982).
Themain advantagein using thistest isthat it isauniformly most powerful test against the stationary
first order autogression in small samples. Moreover, themodd includes country specific fixed effects
(dummy variables) that capture differencesin the mean levels of GDP. Let y;; bethe natural logarithm
of thereal percapita GDP (i=1,...,,N; t=1,...,T). Then we can write thefirst order autoregression as:

Vi =fi + Uy (A1)
with
Ui = aUita + 6 (A.2)

where f; are country specific dummy variables and € s are independently distributed normal random
variables. The Durbin-Watson statistic for pand datais defined as:

N T
S S (Vit-VYit1) 2

i=1t=2

d = (AS)

N T -
S S (Yu-w)°

i=1 t=1

- T
Whereyi = Syit IT (|:1,,N)
t=1

Note that dummy variables for (T-1) time periods can be included in equation (A.1) to partially
control for trends affecting the series in the sample period. The unit root null hypothesis a=1 can be
tested by comparing the sample criterion (A.3) with the bounds tabulated by Bhargavaet al. (1982).
At thegiven significanceleve, the null hypothesisisregjected infavor of the stationary alternative (0<
a<l), if dp is greater than the tabulated limit.
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In addition to the differences in GDP levels across countries, it is plausible that growth rates exhibit
some form of heterogeneity across countries. A possible mechanism is the presence of country-
specific time trends in the means and variances of the GDP series (Lee et a., 1997). For example,
equation (A.1) may be replaced by

yie =fi +3t + + Uit (A4)
where the u's are given by (A.2). Then, under the null hypothesis a=1, equation (4) implies
? Yit = & + Vit (AS),

whereas, under the alternative, the means of they’ s depend on country specific timetrends. Thefinite
sample framework is well-suited to testing the unit root null hypothesis because alarge number (2N)
of “incidental” parameters (coefficients of fixed effects and country specific trends) need be estimated.
Increase in the number of parameters with the sample size (N) vitiates some of the desirable
properties of asymptotic procedureswhen T isfixed (Neyman and Scott, 1948). By contrast, we can
define atest for the null hypothesis a=1 that is invariant with respect to the values of the incidental
parametersand isvalid for fixed values of N and T. Thetest is based on theratio (Bhargava, 1999b):

N T
S{ SWi-Ye)?- 1 (Yir-y)® }
i=1 =2
(T-1)
Rgp = (A6)
N T -
S { . 1 S [(T-Dyi -(t-Dyir -(T-t)yir -(T-1{y-05(yi+yir)}] * 1}
T — =
(T-1)°

Theexact distribution of Ryp isaweighted average of independently distributed Chi-square variables
and can be cal culated using the Imhof agorithm (Koerts and Abrahamse, 1969). Thetest would reject
the unit root null hypothesisfor “large” values of Rop. Further, if the unit root null hypothesis cannot
be reected, then the F statistic for testing the null hypothesis that coefficients (f3) of the
heterogeneous trends in equation (A.4) are zero is given by:

N T
S S (yit - yit—l) 2
i=1t=2
F(N,NT-2N) = (T-2) { -1 } (A7)
N T
S S (yit - yit—l) 2. 1 (yiT - yil) 2
i=1t=2

(-T-: 1)
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¢) Non-stationarity in a random effects framework

Inequations (A.1) and (A.2), the variance covariance matrix of theerrors (ui)) cannot be consistently
for large N and fixed T because the number of parameters estimated increase with the sample size N.
It is therefore useful to treat the country specific effects as randomly distributed variables and
estimate the parameters of adynamic model for GDP (Bhargavaand Sargan, 1983). Equations (A.1)
and (A.2) can be re-formulated as:

Viin =01t Vi1 i:].,...,N (A8)
Vi =0 + aVia +Ve  t=2,..T;i=1,...,N (A.9)
where
Vie = O + Wit (20).

Here, d; are country specific random effects and w;; are independently distributed random variables.
Note, however, that for fixed T, initial observations (yi;) must be treated as endogenous variablesin
maximum likelihood estimation (Anderson and Hsiao, 1981, Bhargava and Sargan, 1983). Further,
alternative assumptions on y;; lead to different estimators. We consider two alternative assumptions:
yi1 are drawings from a normal distribution such that the process (Y1, Yiz,...,yit) IS Stationary. In this
formulation, it is necessary to assume that -1 < a < 1. The alternative assumption is that y;; are
drawing from anormal distribution with an arbitrary variance but the covariance between yi; and the
remaining (Yiz,...,yir) isthe same. This non-stationary formulation has the advantage that a can exceed
unity which is useful in the present application analyzing aggregate data.

Themodd given by equations (A.8)-(A.10) has certain implications for “convergence” in per capita
GDP hypothesis; previous researchers have noted that high values of aimply slower convergence
(eg. Barro and Saa-i-Martin, 1995, Islam, 1995, Nerlove, 2000). However, the discussion has
ignored the role of country specific random effects (d;) in determining the equilibrium GDP leve.
Consider the dynamic random effects modd (A.8)-(A.10) wherey;; are drawings from a stationary
normal distribution. Then, apart from an overall mean (and time dummies), equilibrium level of GDP
of acountry is given by [di/(1-a)]. A country can start at some GDP level but will convergein the
long run to this equilibrium level. Thisis not the case under the second assumption where yi; have
arbitrary variance and when a>1. Because of the unobserved country specific component of the error
term in (A.10), dynamic random effects models allow long-term differences in equilibrium levels of
GDP. It ismore complex to define convergence in growth model's containing explanatory variables.

d) Wald tests on the variance-covariance matrix of the errorsin the random effects framework
The stochastic properties of the v;; affecting equations (A.8) and (A.9) can be further investigated
using a sequence of Wald tests (Bhargava, 1987). This is important in the growth context because
variances of thetransitory components (w;;) of the vi; need not be constant over time (Sala-i-Martin,
1996). Typicaly, “shocks” to the economic system arelikely to cause heteroscedasticity over timein
theerrors. Moreover, inasmuch as the coefficient of d; in (A.10) depends on time, models for growth
rates will be affected by the country specific random effects. This is a much more parsimonious
formulation than assuming the existence of heterogeneous trends as in equation (A.4)
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involving a large number of parameters. We postulated that the wi; follow a g-th order moving
average process.
q
wi= S ’)J €t » 20 =1 |:1,,N, t=1,...,T (All)
j=0

It was further assumed that the variance of the € s depend on timein alinear or in an exponential
fashion (Bhargava, 1987). Wald statistics, that are robust to the mis-specification of the distribution
function of theVv’s, will be used inthe analysis. Therobustness property is useful because researchers
have reported bimodal distributions for GDP series (e.g. Quah, 1996). In such circumstances, the
fourth order moments of the GDP series are likely to be less than the appropriate value 3 for the
normal distribution, thereby leading to more frequent rejection of the null hypothesis.

The constrainsimplied by (A.11) and by heteroscedasticity in the € s can betested using maximum
likelihood estimate of the unrestricted variance covariance matrix of the v's. In contrast with the
regression model (Bhargava and Sargan, 1983), however, some of the parameters of the model may
not be identified because there are no exogenous variables in the model. This can lead to afailure of
therank condition. Because themodel is non-linear in parameters, therank condition is sufficient for
identification but is not necessary (Sargan, 1983). In such circumstances, identification can be
achieved by regressing the GDP on population that is commonly assumed to be an exogenous variable
in growth models (Solow, 1958). This formulation would afford an identified model where Wald
statistics can be applied to an unconstrained estimate of the variance covariance matrix of theerrors.
To ensurerdiableinferences, wewill compare the results from using Wald statistics in the mode for
real percapita GDP with those where real GDP is regressed on logarithm of the population.

€) Estimation of static models with endogenous regressors in a random effects framework
Thefinal methodology used intheanalysisisfor estimation of static modelsfor growth rates (or GDP
level) in arandom effects framework in situations where some of the explanatory variables may be
endogenously determined (Bhargava, 1991). Let the model is given by
m n n

Vit = SZij ’)J + SXlijt ’)J + S Xaijt ’)J + Uit (A12)

j=1 j=1 j=m+1
wherethe z’ saretimeinvariant variables, x; and X, are, respectively, exogenous and endogenoustime
varying variables; coefficients of the variables are denoted by Greek letters. Two alternative
assumptions are possiblefor the endogeneity of x,. First, X, may be correlated with theerrors u ina
general way; X, would therefore be treated as different endogenous variables in each time period.
This assumption may be reasonable in longitudinal studies compiling information at the firm or the
individual level. However, for national averages, observations on important variables such as Adult
Survival Rates (ASR) are compiled only at certain points in time; remaining observations are
projections. Extrapolation of dataisthereforelikely to violatethe rank condition for identification of
the parameters under the general correlation pattern.
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The second assumption on the endogeneity pattern isto assumethat only the country-specific random
effects d are correlated with Xaij;

Xaijt =, ?2d + X*Zijt (A.13)
where X »j; are uncorrelated with the di. While this may seem a restrictive formulation, it allows
countries to possess unobserved “permanent” characteristics that in turn can influence the levels of
explanatory variables. For example, countries with high saving rates may invest greater resourcesin
health and education sectors. Thiswill cause the errors affecting the equation for growth rates to be
correlated with variables such as the ASR because of the presence of d, in the model. Moreover, in
the type of models estimated by Barro and Sala-i-Martin (1985), lagged GDP is used for explaining
growth rates; lagged GDPislikely to beinfluenced by country specific random effects. The advantage
in using the correlation pattern (A.13) is that deviations of the Xyj; from their time means:

Xt = Xaijt - Xz t=2,...,T; j=1,....K; i=1,...,N (A.14),
where
- T
Xaij = S Xaijt IT J:].,k, izl,...,N
t=1

can be used as[(T-1)k] additional instrumental variablesto facilitate mode identification (Bhargava
and Sargan, 1983). An efficient Three Stage L east Squares typeinstrumental variables estimator will
be used to estimate equation (A.12), assuming the two types of correlation patterns for x,;; and .
The variance covariance matrix of u; is assumed to be unconstrained; this formulation contains the
random effects specification (A.10) as a specia case. It is possible to test the exogeneity of the
explanatory variables using Chi-square statistics; thetestsarevalid for largeN and fixed T (Bhargava,
1991).
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TABLE 1
Maximum likelihood estimates of the first order non-stationary random effects model for the
logarithm of percapita GDP and GDP growth rates at 5-year intervals using the data from Penn
World Table (PWT) and World Development Indicators (WDI) *

PWT WDI
Variable Leves Growth Rates Leves Growth Rates
Constant -0.294 0.027 -1.062 0.026
(0.352) (0.004) (0.430) (0.004)
Time Dummy 3 -0.001 - 0.001 -
(0.018) (0.022)
Time Dummy 4 -0.050 -0.010 -0.026 -0.003
(0.021) (0.004) (0.024) (0.004)
Time Dummy 5 -0.147 -0.027 -0.153 -0.025
(0.025) (0.004) (0.029) (0.004)
Time Dummy 6 -0.150 -0.034 -0.103 -0.011
(0.048) (0.004) (0.030) (0.005)
Lagged Dependent  1.060 0.298 1.167 0.154
Variable (0.048) (0.079) (0.061) (0.078)
Between/Within 0.343 0.090 2.633 0.220
varianceratio (0.343) (0.085) (1.671) (0.117)
Within Variance 0.0152 0.0008 0.0193 0.0009
Likelihood ratio * 48.11 10.78 51.40 15.66
test for nonstationary
random effects modd
No. of Countries 125 125 107 107
No. of Time Periods 6 5 6 5
Notes:

1. The GDP series from the PWT (1965-90) is in "international prices’ whereas the series from WDI (1966-90) isin
constant 1987 dollars using exchange rates.

2. Asymptotic standard errors are in parentheses.

3. Degrees of freedom are 17 for Levels and 11 for Growth Rates models.
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TABLE 2
Maximum likelihood estimates of the stationary first order autoregression for the logarithm of
percapita GDP and GDP growth rates at 5-year intervals using the data from Penn World Table
(PWT) and World Development Indicators (WDI) 2

PWT WDI
Variable Levels Growth Rates Levels Growth Rates
Constant 0.224 0.028 0.146 0.027
(0.017) (0.003) (0.017) (0.003)
Time Dummy 3 0.010 - 0.019 -
(0.018) (0.022)
Time Dummy 4 -0.028 -0.010 0.013 -0.003
(0.018) (0.003) (0.025) (0.004)
Time Dummy 5 -0.118 -0.027 -0.093 -0.025
(0.018) (0.003) (0.022) (0.004)
Time Dummy 6 -0.118 -0.023 -0.041 -0.012
(0.018) (0.004) (0.023) (0.004)
Lagged Dependent  0.990 0.253 0.994 0.108
Variable (0.001) (0.062) (0.001) (0.062)
Between/Within 0.0° 0.138 0.0° 0.286
variance ratio (0.0) (0.071) (0.0) (0.103)
Within Variance 0.0200 0.0007 0.0233 0.0008
Likeihood ratio* 146.87 18.66 130.86 41.06
test for stationary random effects model
No. of Countries 125 125 107 107
No. of Time Periods 6 5 6 5
Notes:

1. The GDP series from the PWT (1965-90) is in "international prices’ whereas the series from WDI (1966-90) isin
constant 1987 dollars using exchange rates.

2. Asymptotic standard errors are in parentheses.

3. Boundary solution.

4. Degrees of freedom are 18 for Levels and 12 for Growth Rates models.
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TABLE 3
Stochastic properties of the unconstrained estimated serial covariance matrix of the first order
autoregression for the logarithm of GDP using the data from the Penn World Table and World
Development Indicators *

Penn World Table
Robust Wald statistics for moving average error specification

Homoscedastic variances over time

Order of the moving average 3 2 1
Wald statistic 24.45 24.48 25.68
Degrees of freedom 10 11 12

Heteroscedastic variances over time®

Order of the moving average 3 2 1
Wald statistic 8.34 15.16 24.21
Degrees of freedom 8 9 10

World Development Indicators
Robust Wald statistics for moving average error specification

Homoscedastic variances over time

Order of the moving average 3 2 1
Wald statistic 26.81 31.61 43.77
Degrees of freedom 10 11 12

Heteroscedastic variances over time

Order of the moving average 3 2 1
Wald statistic 9.05 15.93 33.59
Degrees of freedom 8 9 10
Notes:

1. There are 125 countries in the Penn World Table and 107 countries in the World Development Indicators with 6 time
observations.

2. The statistics are robust with respect to distributional misspecification.

3. Error variances are assumed to follow a linear pattern over time.
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TABLE 4
Estimated slope coefficients from static random effects modelsfor real per capita GDP growth rates 1965-90 at 5
year intervals using data from Penn World Tables !

Variable Speification 1 Specification 2 ?
Constant 0.291 0.479
(0.051) (0.079)
Tropics -0.012 -0.012
(0.005) (0.005)
Openness 0.026 0.026
(0.006) (0.006)
Log Fertility Rate lagged -0.012 -0.027
5 years (0.007) (0.010)
Log Investment/GDP ratio 0.014 0.020
lagged 5 years (0.003) (0.003)
Log Adult Survival Rate 0.190 0.294
Lagged 5 years (0.091) (0.144)
Interaction between lagged -0.024 -0.036
Adult Survival Rate and GDP (0.012) (0.020)
Log GDP lagged 5 years -0.029 -0.048
(0.005) (0.009)
GDP at which partial derivative 2,474 3,554

of GDP growth rate with respect to
lagged Adult Survival Rateis zero

Chi-square (80) test for 315.66
exogeneity of lagged GDP/Investment

ratio, Adult Survival rate,

interaction with GDP, and GDP

Number of countries 92 92
Number of time observations 5 5
Notes:

1. Asymptotic standard errors arein parentheses.
2. Specification 1 treatslog Investment/ GDP ratio, log Adult Survival Rates, log lagged GDP and interaction between Adult
Survival Rate and GDP as exogenous variables; Specification 2 treats them as endogenous.
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TABLE S

Slope coefficients from estimating static random effects models for real per capita GDP growth rates 1965-90 at

5 year intervals using data from World Development Indicators !

Variable Specification 1 Specification 2 2
Constant 0.191 0.288
(0.040) (0.056)
Tropics -0.012 -0.014
(0.005) (0.006)
Openness 0.034 0.040
(0.007) (0.008)
Log Fertility Rate lagged -0.019 -0.031
5 years (0.008) (0.009)
Log Investment/GDP ratio 0.007 0.007
lagged 5 years (0.003) (0.003)
Log Adult Survival Rate 0.158 0.301
Lagged 5 years (0.075) (0.104)
Interaction between lagged -0.023 -0.046
Adult Survival Rate and GDP (0.012) (0.017)
Log GDP lagged 5 years -0.019 -0.031
(0.005) (0.007)
GDP at which partial derivative 938 690
of GDP growth rate with respect to
lagged Adult Survival Rateis zero
Chi-sgquare(80) test for exogeneity 202.00
of lagged Investment/GDP ratio,
Adult Survival rate, interaction
with GDP, and GDP
Number of countries 73 73
Number of time observations 5 5

Notes:

1. Asymptotic standard errors arein parentheses.

2. Specification 1 treats log Investment/GDP ratio, Adult Survival Rates, log lagged GDP and interaction between Adult
Survival Rate and GDP as exogenous variables; Specification 2 treats them as endogenous.
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Figure 1. Net Effect of a Percentage Change in Adult Survival Rate on GDP Growth Rate at
Different Values of Mean Log GDP per Capita Using GDP Data from Penn World Tables
(Exogenous Explanatory Variables).
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Figure 2. Net Effect of a Percentage Change in Adult Survival Rate on GDP Growth Rate at
Different Values of Mean Log GDP per Capita Using GDP Data from Penn World Tables
(Endogenous Explanatory Variables).
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Figure 3. Net Effect of a Percentage Change in Adult Survival Rate on GDP Growth Rate at
Different Values of Mean Log GDP per Capita Using GDP Data from World Development
Indicators (Exogenous Explanatory Variables).
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Figure 4. Net Effect of a Percentage Change in Adult Survival Rate on GDP Growth Rate at
Different Values of Mean Log GDP per Capita Using GDP Data from World Development
Indicators (Endogenous Explanatory Variables).
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