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ABSTRACT 
 
 
This paper uses Johansen multivariate cointegration analysis to estimate the 
effect of cancer on economic growth in Australia from 1907-2006.  The results 
show that there is a long run cointegrating relationship between GDP per capita, 
total cancer mortality rates and the age dependency ratio.  An increase of 1% in 
total cancer death rates will result in 1.6% decrease in GDP.  The results also 
indicate that a 1% increase in the dependency ratio leads to a 0.9% decrease in 
GDP.  Both GDP and cancer are influenced by changes in the long run 
relationship, indicating that there is two-way causation between them.   
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Cancer and economic growth in an aging population: 

estimating the impact for Australia 

 
1. INTRODUCTION 

 Cancer is a major cause of death and disease worldwide1.  In 2008, there were 

12.4 million new cases and 7.6 million deaths from cancer, around 13% of all deaths 

worldwide.  There were also 28 million people alive who had been diagnosed with 

cancer in the last 5 years.  The global burden of cancer is increasing dramatically, 

having doubled in the last third of the twentieth century and predicted to be nearly 

three times the current rate by 2030 (Boyle and Levin, 2008)2. 

 Cancer is usually considered a disease of high income countries, but more than 

70% of all cancer deaths already occur in low and middle income countries, and it is 

these countries that will be most affected by the increased cancer burden.  There is a 

strong association between cancer incidence and age, and populations in developing 

countries are aging faster than those in developed countries.  Poorer countries with 

limited health budgets are also less well able to afford expensive life extending 

treatments while many are still battling significant levels of infectious diseases. 

 Cancer clearly has serious costs for the individuals and families affected, but 

the costs to the whole economy are more broadly based and more difficult to identify.  

Cancer has a direct effect on the productivity of the workers concerned.  It also 

indirectly reduces the incentives for investment in human and physical capital because 

a shorter life with more disability reduces the rate of return on previous investments, 

for example, in better education.  As cancer rates increase in the future, many 

countries, including high income countries, will face the issue of how to find 
                                                 
1 Cancer is defined here as diseases classified under ICD10 codes C00-D48 (all Neoplasms). 
2 The ‘burden of disease’ is an overall measure that combines information on the impact both of the 
premature deaths, and of the disability and ill-health that result from the disease. 
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sufficient funds to combat the growing burden.  More information is needed about the 

full economic costs of cancer if policy makers are to make optimal decisions about 

efficient resource allocation for the prevention and treatment of cancer. 

 High income countries offer the best opportunity to estimate the impact of 

cancer on economic growth because rising rates of non-communicable diseases like 

cancer have been dominant causes of ill-health in these countries for several decades, 

while developing countries have been more preoccupied with communicable diseases.  

For example, cancer was the single largest contributor to the total burden of disease in 

Australia in 2003, accounting for 19% of the total (AIHW and AACR, 2008).  

However, panel data estimations for high income countries are likely to have little 

explanatory power because disease rates like those for cancer tend to be very similar 

between high income countries (Suhrcke and Urban, 2006). 

There are also econometric problems with panel data estimations of series 

such as GDP and cancer death rates, which are usually found to be statistically non-

stationary.  An extensive simulation study by Banerjee et al. (2004, p. 323) reported 

that “many of the conclusions in the empirical literature (using panel cointegration 

methods) may be based upon misleading inference”.  The authors found that even the 

most general panel data methods have serious limitations if the number of long-run 

relationships among the variables differs between units in the panel, or if there are 

cross-unit cointegrating relationships, for example, between cancer rates or GDP in 

different countries, as is likely in this case.  Banerjee et al. (2004) concluded that the 

preferred first option in empirical analysis of integrating data should be single unit 

analysis with the Johansen maximum-likelihood technique. 

 These problems suggest that time series analysis of data for a single country 

may be a more useful method for estimating health effects on economic growth, 
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particularly if the data series used cover a time period that is long enough for the full 

impact of health changes on GDP to occur.  Many of the most important mechanisms 

by which better health leads to growth in GDP will show their full effects only after 

very long periods of time; for example, it may take the length of a working life, 

perhaps 60 or 65 years, to show the maximum gains from incentives to invest in better 

education (Bleakley, 2006). 

This paper uses Johansen multivariate cointegration analysis to examine the 

effects of cancer on GDP growth in Australia over a period of nearly one hundred 

years, from 1907 - 2006.  This method avoids the discrimination problems found with 

panel data, and allows for non-stationarity and the potentially endogenous or two-way 

relationship between cancer and GDP.  The results show that there is a long run 

cointegrating relationship between GDP per capita, cancer mortality rates in the total 

population and the age dependency ratio.  An increase of 1% in cancer mortality rates 

will result in 1.6% decrease in GDP per capita.  By contrast, 1% increase in the 

dependency ratio leads to a smaller 0.9% decrease in GDP per capita.  Re-estimating 

the model by using cancer mortality rates for the working age, rather than the total, 

population results in a lower, but still sizable, estimate of the impact of cancer on 

GDP per capita. 

 The rest of the paper is organised as follows.  Section 2 describes the 

theoretical model, data and methodology to be used in the estimations.  Section 3 

discusses the results of the estimations in more detail, while Section 4 provides some 

concluding comments. 
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2. MODEL, DATA AND METHODOLOGY 

2.1 Model 

 The econometric estimation is based on the model developed by Barro (1996), 

who derived a theoretical framework for the relationship between health and 

economic growth by extending the neoclassical growth model to incorporate health 

capital.  Barro (1996) proposed that the output of goods (Y) depends on physical 

capital (K), labour hours (L) and two forms of human capital, worker schooling and 

education (S) and the state of worker health, or health capital (H).  Assuming the 

Cobb-Douglas form for simplicity: 

  (1) γλδγλδ −−−⋅= 1)( txeLHSKAY

where A is the exogenous baseline level of technology, x is the exogenous rate of 

labour-augmenting technological progress, δ > 0, λ > 0, γ  > 0, and 0 < δ + λ + γ  < 1. 

Dividing through by Lext gives: 

  (2) γλδ hskAy ⋅=

where y, k, s and h are quantities per unit of effective labour. 

 A key feature of Barro’s model is that it allows for two-way causation 

between health and economic growth.  The model assumes that a household 

maximises utility by dividing output (y) between consumption goods and investment 

in the three kinds of capital, k, s and h.  An increase in output (y) increases health 

capital (h) because it increases the ability to invest, for example, in the purchase of 

medical treatment or in preventative measures such as exercise and nutrition. 

 At the same time, better health can increase output both directly and indirectly.  

An improvement in the health of workers (h) directly raises output for any given level 

of physical capital (k) and education (s).  In addition, an improvement in health 

indirectly increases output because a longer life with less working time lost to illness 
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raises the rate of return on past investments in human capital, that is, it reduces the 

depreciation rate of both forms of human capital.  Consequently better health 

increases the incentive for further investments in both education and health. 

 These indirect effects have important implications, particularly for higher 

income countries.  They suggest firstly that the economic gains from improving health 

by reducing death and illness from non-communicable diseases such as cancer and 

cardiovascular disease may be even greater than the gains from the control of 

infectious diseases that improved health in the past.  Secondly, if the rates of return on 

investment in human capital increase as the economy grows, the ratios of education 

and health to physical capital and output should also increase, that is, education and 

health should become more important as income rises. 

 The model for econometric estimation is based on the log form of equation 

(2): 

 ttttt hcsky εββββ ++++= lnlnlnln 3210  (3) 

where hct represents the improvements in health capital from reduction in death and 

illness caused by cancer, and εt is an i.i.d error term.  Barro’s (1996) model assumes 

that labour input (L) in equation (1) corresponds to total population, so that variation 

in the ratio of workers to population is not considered.  In a more realistic model, 

improvements in health that increase life expectancy will also increase the proportion 

of the population that is retired and not working, which may reduce rather than 

increase output when expressed in per capita terms.  To measure this effect, another 

variable was added to the model to represent the old age dependency ratio (dep), that 

is, the ratio of the population aged 65 and over to the working age population (15 – 64 

years): 

 tttttt dephcsky εβββββ +++++= lnlnlnlnln 43210  (4) 
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Similarly, the model in (1) assumes that worker health (h) is equivalent to the 

health of the total population.  Cancer health in workers can be identified separately 

for the estimation from that of the general population simply by measuring the 

reduction in cancer in the working age population only.  But the model suggests that 

the indirect effects of health come from the incentives of having a longer life with less 

illness, which raises the rate of return on previous investments in human capital.  

These incentives may extend beyond retirement age if previous investments in health 

capital make the retirement years more enjoyable because of less illness and 

disability, or because of higher retirement income from the increased savings made 

possible by extra income earned while working.  If this is the case, the health of the 

total population should be the most appropriate measure. 

Some authors such as Meltzer (1995) and Ehrlich and Lui (1991) argue that 

the critical influence on investment in education will only occur at younger ages in 

which education directly influences productivity, and changes in old-age mortality 

will not have the same beneficial results.  To compare these effects, the model in 

equation (4) was estimated twice, first using cancer in the total population (cantot) to 

represent the health variable, and secondly with cancer in the working age population 

only (canwa) as the health variable: 

 tttttt depcantotsky εβββββ +++++= lnlnlnlnln 43210  (5) 

 tttttt depcanwasky εβββββ +++++= lnlnlnlnln 43210  (6) 

In keeping with the theory underlying Barro’s (1996) model, equations (5) and 

(6) represent long run relationships established over extended periods of time.  As 

discussed in Section 1, estimating long run relationships may be particularly 

important in determining the economic gains from health, because the increased rates 

of return on human capital that drive incentive effects may take the full length of a 
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working life to develop.  Provided the data are non-stationary, cointegration 

techniques are most suitable for estimating long run econometric relationships, as 

long as the method chosen allows for the potential endogeneity of the two-way 

relationship between health and output that is suggested by the model. 

 

2.2 Data 

 The data on real GDP per capita for Australia from 1907 to 2006 are derived 

from ABS Cat. nos. 1301.0, 3105.0.65.001 and 5204.01.  Data on cancer death rates 

per 100,000 population are from AIHW (2008), for the total population, and for ages 

from 15 - 64 years for the working age population.  The cancer death rates are not 

adjusted to age standardised populations because unadjusted mortality rates are more 

likely to capture the full losses of life and consequently better reflect the full costs of 

disease (Stuckler, 2008). 

Death rates may underestimate the true burden of cancer because they do not 

include the effects of potentially long periods of illness prior to death.  Even if the 

sufferer recovers, an episode of cancer may reduce productivity and the rate of return 

from previous investments in human capital.  However, AIHW and AACR (2008) 

report that, for cancer, the major burden is death rather than disability, with 82% of 

the total burden due to years of life lost, and only 18% due to the duration and 

severity of illness.  More inclusive indicators of the impact of cancer that included 

morbidity as well as mortality would be preferable, but death rates are the only 

measures that are available for the extended time periods used here. 

 The old age dependency ratio is the proportion of the population aged 65 and 

over per 100 population of working age, and is calculated from ABS Cat. no. 

3105.0.65.001.  Education or schooling of workers is represented by the school 
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participation rate of 16 year olds, derived from ABS Cat. no. 4221.0, DEEWR (2008), 

DEET (1993), and MacKinnon (1989). 

 Data on the stock of physical capital is not available for the period estimated 

here.  In neoclassical growth models of closed economies, the steady state level of 

capital per effective worker is dependent on the domestic savings rate.  But in open 

economies like that of Australia, the level of investment may be higher because of the 

potential for the use of foreign savings.  For this reason, the ratio of investment to 

GDP is often used as a proxy measure of capital formation in empirical estimations of 

growth models (Barro, 1996).  Investment as a proportion of GDP for Australia was 

calculated from ABS Cat nos. 1301.0 and 5204.0. 

 Figure 1 shows the relationships between the variables over the period of 

estimation.  GDP per capita (GPC) has been increasing steadily for most of the period.  

The cancer death rate in the total population has also been increasing for most of the 

period, with a slight fall since the early 1990s.  The death rate in the working age 

population has been relatively constant until the 1990s, but has been falling faster than 

the total rate since then.  The old age dependency rate has been growing at a much 

greater rate than GPC since the 1920s, but the most marked growth has been in 

education, as the school participation rate has risen rapidly since the late 1940s.  

Conversely, although the investment rate increased somewhat in the late 1940s, it has 

been relatively stable in the decades since then. 

 

2.3 Methodology 

Stationarity testing of the variables was performed using Augmented Dickey-

Fuller (ADF) tests.  The log forms of all five variables, GDP per capita (GPC), cancer 

mortality rates for the total population (CANTOT) and for the working age population 
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(CANWA), education (EDU) and investment rate (INV) were non-stationary but their 

first differences were found to be stationary.  That is, all variables (in log form) were 

I(1).3 It is therefore appropriate to use cointegration analysis to estimate the relationships 

between the variables, provided that the method used allows for the possible two-way 

relationship or joint causality of the variables suggested by the model in Section 2.1. 

The Johansen multivariate cointegration method was chosen for this reason, 

because it provides estimates of a system of simultaneous equations in which all 

variables can be potentially endogenous.  In this case, there are five equations, with 

each of the included variables as the dependent or LHS variable in one equation of the 

system.  Each equation is a dynamic error-correction model (ECM), which gives 

estimates of both the long run and short run relationships for each variable. 

The long run equilibrium relationship to which all the variables converge over 

time is given by the cointegrating relationship between the levels of the variables, as 

in equations (5) and (6) of the model in Section 2.1.  Each variable may temporarily 

diverge from the long run relationship, but some proportion of the disequilibrium 

error will be corrected each period.  In the short run, each variable may also be 

influenced by its own lagged differences and by the lagged differences of the other 

variables. 

Formally, the system of equations estimated in the Johansen method is 

described as a vector error correction model (VECM) derived from a standard 

unrestricted vector autoregressive model (VAR) of lag length k.  The VAR system of 

equations is algebraically re-arranged into a VECM, written as: 

 ttt1kt1k1t1t εΨDμΠzΔzΓΔzΓΔz ++++++= −+−−− 1K  (7) 

                                                 
3 Results of the ADF tests are available on request. 
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where zt is the vector of variables, μ is a vector of constants, and Dt a vector of other 

deterministic variables such as a time trend. 

The first group of terms on the right hand side of equation (7), up to and 

including Δzt-k+1, represents the short run lagged effects of differences in the variables 

in z on each variable in the system.  The next term, Πzt-1, is the error correction term 

(ECT) that represents the long run cointegrating relationships between the levels of 

the variables in z,.  If there are n variables in the vector of variables zt, there are (n – 

1) potential cointegrating relationships between them.  The number of cointegrating 

relationships is determined by the rank (r) of the matrix of long run coefficients Π. 

If a cointegrating relationship exists between the variables, Π can be factorised 

into Π = αβ′, where β′ is the coefficients on the individual variables in the long run 

cointegrating relationship and α is the coefficient on the ECT itself.  Thus, if there is 

one cointegrating relationship between the five variables, the ECT in each of the five 

equations of the system can be represented by: 

 )( 5544332211 zzzzzECT nn βββββα ++++=  (8) 

where n = 1, ….5.  When the system is in long run equilibrium, the long run or 

cointegrating vector in the ECT will be equal to zero: 

 05544332211 =++++ zzzzz βββββ  (9) 

When the system is not in long run equilibrium, the ECT will be non-zero and will 

measure the distance the system is away from equilibrium.  The coefficient on the 

ECT in equation (8), αn, represents the proportion of the disequilibrium error for 

variable n that is corrected each period, and so provides information on the speed of 

adjustment of each variable to the long run equilibrium relationship. 
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If α is not significantly different from zero in one of the equations of the 

system, then the long run cointegrating relationship represented by the ECT does not 

have a significant influence on the dependent variable in that equation.  This variable 

can then be said to be weakly exogenous for the long run relationship in the Granger 

causality sense (Johansen, 1988, 1991; Johansen and Juselius, 1990). 

Johansen uses a canonical correlation technique, solved by calculating 

eigenvalues (λi), to provide a set of eigenvectors that form the maximum likelihood 

estimate of the long run coefficients (β).  A likelihood ratio (LR) statistic, the Trace 

statistic, is used to test the significance of the eigenvalues and thus to determine the 

maximum number of statistically significant vectors (r) within β. 

Lag lengths for the Johansen estimation were determined by LR tests of paired 

comparisons of different lag lengths in the original VAR system.  The choice was 

confirmed by Lagrange-Multiplier (LM) tests of the residuals which showed that the 

included lags were sufficient to avoid serial correlation in all systems.  Doornik-Hansen 

tests for normality indicate that the residuals in all systems are free from skewness, 

although there is evidence of non-normality in some equations due to kurtosis.  This 

should not cause problems for the estimates because, as noted by Johansen (1995, p. 29), 

the “asymptotic properties of the methods only depend on the i.i.d. assumption of the 

errors”.4  Deterministic components were included in the cointegrating relationships 

where indicated by tests of the joint hypothesis of both the rank order and the deterministic 

components, as described by Johansen (1992b).  Dummy variables were also included in 

the short run components to allow for the effects of the two World Wars and the great 

depression in the 1930s. 

 

                                                 
4 Results of residual tests are available on request. 
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3. ESTIMATION RESULTS 

3.1 Long run relationships 

Table 1 shows the results of the trace test for the rank (r) of the matrix of long 

run coefficients (β), which indicates the number of cointegrating vectors between the 

variables.  In both models, the null hypothesis of r  = 0 is rejected, but  r  = 1 cannot 

be rejected.  This means that there is one long run or cointegrating relationship 

between the variables in both models. 

 Table 2 shows the estimated β coefficients of the long run relationship in each 

model, together with the α coefficients on the ECT in the equation for each variable 

of the model.5  The significance of the β and α coefficients was determined by LR 

tests, firstly by testing the restriction that each coefficient individually was 

significantly different from zero, followed by tests of joint restrictions on the 

coefficients in each model for which the individual hypothesis of zero value could not 

be rejected.  Joint testing ensures that imposing restrictions on the β coefficients to be 

equal to zero does not change the significance of the ECT itself.  Tables 3 and 4 show 

the significant coefficients of the long run relationship for each model after the joint 

restrictions were imposed, together with the short run coefficients of the ECMs. 

The joint test results in Table 2 for the model with cancer death rates in the 

total population show that the β coefficients for investment and education and the α 

coefficients for investment, education and the dependency ratio are not significant, 

with p-value of 0.408.  These results confirm that there is a long run cointegrating 

relationship between GPC, total cancer deaths and the age dependency ratio in which 

education and investment are not significant.  Changes in any of the variables in the 

long run relationship will affect both GPC and total cancer deaths, but will not have 

                                                 
5 The results were obtained using CATS in RATS, version 2 (Dennis et al, 2005). 
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any significant effect on investment, education and the dependency ratio, that is, 

investment, education and the dependency ratio are weakly exogenous in the Granger 

causality sense in this model. 

The coefficients of the restricted ECT in Table 3 show that an increase in both 

total cancer death rates and in the dependency ratio will lead to a long run decrease in 

GPC, but cancer has a much bigger impact.  If cancer death rates in the total 

population were to rise by 1%, GPC will fall by 1.6% in the long run, but 1% increase 

in the dependency ratio will reduce GPC by only 0.9% in the long run.  The relative 

size of these effects implies that reducing disease and mortality from cancer disease 

can have significant benefits for economic growth even in an economy with an aging 

population. 

The α coefficients on the ECT are significant for cancer as well as for GPC, so 

that an increase in GPC will also reduce total cancer deaths in the long run.  The 

endogeneity of the long run relationship between GPC and total cancer deaths 

supports the two-way causation between population health and income in the 

theoretical model in Section 2.1. 

For the model for cancer death rates in the working age population, the joint 

test results in Table 2 show that the β coefficients for investment and the dependency 

ratio and the α coefficients for working age cancer deaths and the dependency ratio 

are not significant, with p-value of 0.275.  In this case, the long run cointegrating 

relationship is involves GPC, cancer deaths and education.  If working age cancer 

deaths increase by 1%, the coefficients of the restricted ECT in Table 4 show that 

GPC will fall by 1.08% in the long run, substantially less than the 1.6% fall in GPC 

following 1% increase in total cancer deaths.  These results suggest that the benefits 

of health in stimulating economic growth extend well beyond the usual end of the 
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working life at a retirement age of 65.  However, some of the difference in the size of 

the effects between the models may reflect the fact that the cancer measures used here 

include only mortality and not morbidity.  The data on cancer deaths in the total 

population is likely to include patients whose death did not occur until after the age of 

65, but who may have been ill for some period during their working life, with 

consequent loss of productivity. 

While the α coefficient on the long run relationship in the working age model 

is significant for GPC, it is not significant for cancer deaths, implying that there is no 

two-way causation between GPC and cancer in this age group.  Neither education nor 

GPC appear to affect cancer death rates in the working age population in the long run. 

The most noticeable difference between the two models is in the significance 

of education and the dependency ratio.  Most cancer deaths occur after age 65, which 

is consistent with changes in the age dependency ratio being an important influence in 

the long run relationship for the total population, but not for the younger group.  In the 

working age model, however, education is directly involved in the long run 

relationship between GPC and cancer, and 1% rise in cancer deaths has a very similar 

long run impact on GPC to 1% fall in education participation, which will reduce GPC 

by 0.986%.  In addition, the α coefficient on the ECT is significant for both education 

and investment, so that changes in both GPC and cancer deaths that directly affect the 

long run relationship will also affect education and investment indirectly.  The 

significance of education in the model for working age cancer, but not for total cancer 

deaths, supports the arguments of authors such as Meltzer (1995) and Ehrlich and Lui 

(1991) that the critical influence on investment in education will only occur at 

younger ages in which education directly influences productivity, and changes in old-

age mortality will not have the same beneficial results. 
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3.2 Short run relationships 

The short run coefficients in Tables 3 and 4 are mostly similar between the 

two models.  None of the variables have any significant short run effects in the 

equation for GPC, which is consistent with the long run nature of the model of 

economic growth used to derive the relationships in Sections 2.1.  However, GPC 

does have short run influence on cancer deaths, even in the working age population 

where GPC does not have any long run impact, and on investment in both models.  As 

in the long run relationship, there are significant short run effects between cancer 

deaths in the total population and the age dependency ratio, but not in the model with 

cancer in the working age population. 

 

3.3 Stability of the long run relationships 

 The stability of the long run coefficients for each model was investigated by 

recursive estimation, in order to determine if the relationships have changed over 

time.  The recursive estimation procedure tests the difference between β(n) and β(T), 

where β(T) is the full sample estimate of the cointegrating vector.  β(n) is obtained by 

successively estimating the model using increasing subsamples from (t = n) to (t = T), 

where (t = 1, . . . n) provides the base sample for the recursive estimation.  The test 

statistic, , is derived from Hansen and Johansen (1999).  To test parameter 

constancy over the whole period, both of the models were estimated using both 

forward and backward recursion, that is, the first half of the sample was used as the 

base to recursively test the stability of the parameters in the second half of the period, 

and vice versa. 

)(n
TQ
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Figures 2 and 3 show the results of the stability tests for the β coefficients in 

the model with cancer mortality for the tot al population, and Figures 4 and 5 for the 

model with cancer mortality rates of the working age population.  The test statistic 

labelled “X(t)” represents the estimated cointegrating relations as a function of the 

short run dynamics and deterministic components, whereas the test statistic labelled 

“R1(t)” is corrected for the short run effects.  R1(t) represents the “clean” 

cointegrating relation which is actually tested for stationarity to determine the 

cointegrating rank, and provides the estimated β coefficients shown in Tables 3 and 4.  

All the test statistics in Figures 2 - 5 are indexed so that the 5% critical value is equal 

to 1.00, for ease of comparison.  In all cases, the test statistics are well below the 5% 

critical value for the whole period, indicating that there has been no significant change 

in the coefficients of the long run cointegrating relationships in either model over the 

period of estimation. 

The results of the stability tests confirm that the long run relationships found 

here between cancer deaths and economic growth have been stable over the very long 

time period of nearly 100 years.  There does not appear to be any evidence that the 

relationships have changed as cancer has replaced infectious diseases as a major cause 

of death and illness, nor have the economic returns from reducing cancer deaths 

increased as income has increased, as suggested by the theoretical model in Sections 

2.1.  However, while cancer in Australia is an important component of the total 

burden of disease, it is still only one aspect of health, and broader measures of health 

may show the increasing returns predicted by the model. 
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4. CONCLUSION 

 The theoretical model of economic growth derived from Barro (1996) 

proposes that cancer can affect GDP per capita both directly, and indirectly, by 

decreasing incentives for investment in human and physical capital, and that higher 

GDP per capita will tend to lower cancer mortality rates .  The empirical estimations 

for Australia from 1907 - 2006 show there is a two-way causal relationship between 

GDP and total cancer deaths, and reducing cancer death rates can increase GDP per 

capita substantially.  The effects appear to be greater when cancer deaths fall in the 

whole population, not just in those of working age, suggesting that the benefits of 

health in stimulating economic growth extend well beyond the usual end of the 

working life at a retirement age of 65.  However, the old age dependency ratio also 

has an important influence on the relationship when cancer is measured in the total 

population, although the effect of changes in age dependency on GDP is considerably 

less than that of cancer. 

When the model is estimated with cancer death rates in the working age 

population only, the age dependency ratio is not significant but education is now 

directly involved in the long run relationship between GDP and cancer.  In this model, 

a rise in cancer deaths has a very similar long run impact on GDP to a similar sized 

fall in education participation.  In addition, changes in both GDP and cancer deaths 

that affect the long run relationship will also affect education and investment 

indirectly.  The significance of education in the model for working age cancer, but not 

for total cancer deaths, suggests that the critical influence on investment in education 

occurs at younger ages in which education directly influences productivity. 

 The long run relationships have been stable in both models for the 

whole period of nearly 100 years, indicating that the economic returns from reducing 
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cancer deaths in Australia have remained constant as income and life expectancy has 

increased, and as non-communicable diseases have risen in importance to replace 

infectious diseases as the major causes of illness and death.  The global burden of 

disease caused by cancer is predicted to treble in the next twenty years, with the 

greater part of the increase to fall on low and middle income countries which are least 

well-placed to afford the costs of prevention and treatment.  If the effects of cancer on 

economic growth found here for Australia apply more widely, there are serious 

implications for growth and development in all countries.  More research is need to 

estimate the economic impact of cancer in a broader range of countries, and to 

examine the effects of other non-communicable diseases that are likely to have major 

impacts on global economic growth in the future. 
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Figure 1: GDP per capita, Investment, Education and Cancer Mortality Rates
(all variables in ln form; 1907 = 100)

80

90

100

110

120

130

140

150

160

170

180

190

200

19
07

19
12

19
17

19
22

19
27

19
32

19
37

19
42

19
47

19
52

19
57

19
62

19
67

19
72

19
77

19
82

19
87

19
92

19
97

20
02

GPC

School participation rate (16 yrs)

Investment rate (% of GDP)

Old age dependency ratio

Cancer deaths (total popn)

Cancer deaths (working age popn)

 
 
 
 
 

 21



 
 
 

1940 1950  1960 1970 1980 1990  2000  
0.00 

0.25 

0.50 

0.75 

1.00 
X(t)

R1(t)
Q(t) 

 

Figure 2: Test of Beta Constancy for 
model with Cancer Mortality of Total Population (CANTOT) 

Forwards Recursion: base period is 1909-1938 
5% Critical value = 1 (3.2 = Index) 
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Figure 3: Test of Beta Constancy for 
model with Cancer Mortality of Total Population (CANTOT)  

Backwards Recursion: base period is 1977-2006 
5% Critical value = 1 (3.2 = Index) 
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Figure 4: Test of Beta Constancy for 
model with Cancer Mortality of Working Age Population (CANWA) 

Forwards Recursion: base period is 1909-1938 
5% Critical value = 1 (3.2 = Index) 

 

1940 1950  1960 1970 1980 1990 2000  
0.00 

0.25 

0.50 

0.75 

1.00

 
 
 
 
 

 
X(t)

R1(t)
Q(t)
 

 24



 
 
 

Figure 5: Test of Beta Constancy for 
model with Cancer Mortality of Working Age Population (CANWA) 

Backwards Recursion: base period is 1977-2006 
5% Critical value = 1 (3.2 = Index) 
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Table 1: Rank Test for number of cointegrating vectors 

Null Eigenvalues Trace Statistic Critical values (95%) 

Estimation with Cancer Mortality Rate of Total Population (CANTOT)

r = 0 0.406 111.099* 97.278 

r = 1 0.288 70.031 70.344 

r = 2 0.216 41.473 47.647 

r = 3 0.148 23.121 29.745 

r = 4 0.120 11.096 17.941 

Estimation with Cancer Mortality Rate of Working Age Population (CANWA)

r = 0 0.356 95.142* 93.079 

r = 1 0.369 58.080 68.568 

r = 2 0.195 35.884 46.996 

r = 3 0.122 17.927 29.277 

r = 4 0.085 7.922 14.405 
* denotes significance at 5%. 
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Table 2: LR tests of joint restrictions on the coefficients of the cointegrating vectors 

Estimation with Cancer Mortality Rate of Total Population (CANTOT)

Unrestricted long run coefficients (β) of the ECT, normalised on GPC:  

ECT  = 1.000 GPC + 1.819 CANTOT + 0.585 DEP + 0.218 INV − 0.233 EDU 

Unrestricted coefficient on the ECT (α) in the equation for: 
dGPC dCANTOT dDEP dINV dEDU 
-0.143 -0.165 -0.009 0.099 0.036 

LR test of joint restrictions on β and α: 
β (INV)  =  β (EDU)  =  0  and  α (dDEP)  =  α (dINV)  =  α (dEDU)  =  0 

χ2 (5) = 5.064,  p-value = 0.408 

Estimation with Cancer Mortality Rate of Working Age Population (CANWA)

Unrestricted long run coefficients (β) of the ECT, normalised on GPC: 

ECT = 1.000 GPC + 2.389 CANWA −1.170 DEP + 0.952 INV − 1.945 EDU 

Unrestricted coefficient on the ECT (α) in the equation for: 
dGPC dCANWA dDEP dINV dEDU 
-0.087 0.022 0.003 -0.025 0.059 

LR test of joint restrictions on β and α: 
β (INV)  =  β (DEP)  =  0  and  α (dCANWA)  =  α (dDEP)  =  0 

χ2 (4) = 5.120,  p-value = 0.275 
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Table 3: ECMs from estimation with Cancer Mortality Rate of 

Total Population (CANTOT) 

  Dependent Variable
  dGPC dCANTOT dDEP dINV dEDU 

dGPCt-1 0.002 
(0.017) 

0.208* 
(4.198) 

0.022 
(1.571) 

0.225** 
(1.900) 

0.035 
(-0.839) 

dCANTOTt-1 0.198 
(1.287) 

-0.283* 
(-3.592) 

-0.036** 
(-1.655) 

0.025 
(0.138) 

0.048 
(0.758) 

dDEPt-1 -0.751 
(-1.432) 

0.764* 
(2.848) 

0.871* 
(11.808) 

0.587 
(0.943) 

-0.407** 
(-1.887) 

dINVt-1 -0.002 
(-0.026) 

-0.032 
(-0.796) 

-0.016 
(-1.455) 

0.270* 
(2.900) 

0.040 
(1.217) Sh

or
t r

un
 v

ar
ia

bl
es

 

dEDUt-1 -0.027 
(-0.141) 

0.018 
(0.187) 

0.010 
(0.390) 

0.139 
(0.626) 

0.655* 
(8.359) 

α -0.162* 
(-2.686) 

-0.202* 
(-6.559) 

0.000 0.000 0.000 

ECT1: 
GPC 

 
1.000 

 
1.000 

   

CANTOT 1.605* 
(6.387) 

1.605* 
(6.387) 

   

Lo
ng

 ru
n 

va
ria

bl
es

 

DEP 0.912* 
(6.510) 

0.912* 
(6.510) 

   

* denotes significance at 5%. 
** denotes significance at 10%. 
1 ECT is normalised on GPC. 
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Table 4: ECMs from estimation with Cancer Mortality Rate of 

Working Age Population (CANWA) 

  Dependent Variable
  dGPC dCANWA dDEP dINV dEDU 

dGPCt-1 -0.050 
(-0.518) 

-0.131* 
(-2.120) 

0.020 
(1.467) 

0.207** 
(1.879) 

-0.051 
(-1.384) 

dCANWAt-1 -0.006 
(-0.039) 

-0.290* 
(-2.973) 

0.026 
(1.197) 

-0.174 
(-1.004) 

-0.003 
(-0.056) 

dDEPt-1 -0.402 
(-0.756) 

-0.421 
(-1.219) 

0.853* 
(11.229) 

0.224 
(0.365) 

-0.607* 
(-2.947) 

dINVt-1 0.079 
(0.942) 

-0.036 
(-0.663) 

-0.013 
(-1.098) 

0.190** 
(1.960) 

-0.008 
(-0.250) Sh

or
t r

un
 v

ar
ia

bl
es

 

dEDUt-1 0.185 
(0.935) 

0.156 
(1.208) 

0.002 
(0.084) 

0.036 
(0.156) 

0.569* 
(7.408) 

α -0.130* 
(-3.014) 

0.000 0.000 0.104* 
(-2.089) 

0.064* 
(3.830) 

ECT1: 
GPC 

 
1.000 

   
1.000 

 
1.000 

CANWA 1.080* 
(4.210) 

  1.080* 
(64.210) 

1.080* 
(64.210) 

Lo
ng

 ru
n 

va
ria

bl
es

 

EDU -0.986* 
(-9.142) 

  -0.986* 
(-9.142) 

-0.986* 
(-9.142) 

* denotes significance at 5%. 
** denotes significance at 10%. 
1 ECT is normalised on GPC. 
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