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ABSTRACT
Objective: Existing large-scale studies do not take
into account comorbidity or control for selection and
endogeneity biases. This study addresses these
shortcomings.
Participants: We use information on individuals aged
between 35 and 70 years from a nationally
representative longitudinal survey conducted in
Australia between 2001 and 2013. Participants were
approached annually, and updates on their
characteristics, including health status, were
ascertained through self-reporting.
Method: We develop three different analytical designs.
The first model is a cross-sectional analysis against
which our improved models are compared. In the
second model, we follow the same approach but control
for prior health conditions. The last preferred model
additionally adjusts for characteristics and risk profile of
respondents prior to onset of conditions. It also allows
for comorbidity and controls for selection bias.
Results: Once comorbidity and changes over time in
the participant’s characteristics are controlled for, body
mass index (BMI), alcohol consumption and physical
activity exhibit a stronger impact than in the models
without these controls. A unit increase in BMI increases
the risk of developing a cardiovascular disease (CVD)
condition within 2 years by 1.3 percentage points
(β=0.11, 95% CI 0.05 to 0.16) and regular alcohol
intake increases the risk of CVD by 3.0 percentage
points (β=0.24, 95% CI 0.09 to 0.39). Both factors lose
significance without proper control for endogenous
behavioural change. We also note that frequent physical
activity reduces the risk of developing diabetes by 0.9
percentage point (β=−0.40, 95% CI −0.72 to −0.07).
Conclusions: Our result shows a greater importance
of certain lifestyle and risk factors than was previously
suggested.

BACKGROUND
Cardiovascular disease (CVD) and type II dia-
betes are currently the leading causes of

disability and premature mortality in the
world and are expected to remain major
public health challenges in the years
ahead.1 2 Global estimates suggest that
approximately 17 million people have died of
CVD in the world in 2013, a figure which is
about 41% larger than the estimate for 1990
and represents about a fifth of total global
deaths estimated for 2013.3 Although
Australia has made substantial progress in car-
diovascular health in recent years, the disease
continues to cause a heavy burden on the
country, with currently one in six Australians
suffering from at least one cardiovascular
condition.4 Each year, CVD also claims more
than 50 000 lives, which is higher than for any
other disease category.4 A similar trend is
observed with respect to type II diabetes,
whose rates of prevalence in the country have
quadrupled since the 1980s.5 6

The huge burden of CVD and type II dia-
betes and the need to address their impact

Strengths and limitations of this study

▪ The study reports results for diabetes and car-
diovascular conditions, which are major causes
of illness and premature mortality in Australia
and across the world.

▪ It employs quasi-longitudinal observational data
to examine issues of reverse causation and
selection biases that were often overlooked in
previous studies investigating the effects of
socioeconomic status and risk factors on non-
communicable conditions.

▪ Unlike most other previous analyses that focus
on each health condition separately, we take into
account comorbidity in our models.

▪ The outcome variables on health status are self-
reported data and not those based on biometric
indicators or a doctor’s examination reports.
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on people’s health have generated worldwide research
interest in identifying the factors associated with the dis-
orders.7 8 Many of these studies draw on prospective
data, often but not always, collected in clinical or con-
trolled settings.9–11 Follow-up studies monitor disease
progression, risk profile and characteristics of patients
on an ongoing basis, which provide unique opportun-
ities for understanding the relationship between one’s
health status and these time-varying indicators. However,
such studies are expensive to carry out, as they require
substantial resources and a complex research infrastruc-
ture that are in short supply. The fact that they are often
localised and based on a relatively small sample size
means that generalisation beyond the immediate refer-
ence population has always been a concern.12 13 Few
among these studies also track progression of multiple
disorders, which means that comorbidity can sometimes
be ignored despite its importance.14 15

Cross-sectional population surveys are therefore some-
times used as the primary data source as they have gen-
erally a larger sample size, cover more health disorders
and are relatively less expensive to conduct.16–18

However, a number of limitations are associated with
cross-sectional study designs.19 First, the population that
is identified in surveys as having experienced the condi-
tion of interest—and used for estimating prevalence
rates—represents only the survivors of those who experi-
enced the event before the survey, resulting in what is
generally known as selection bias. Second, since some
respondents are likely to experience the event after the
arbitrary date of the survey, the same population also
represents only a subset of those who will eventually
succumb to the disease in their lifetime. Third, the
absence of information on disease progression and
characteristics of respondents before and after diagnosis
means that reported health conditions can only be
linked with risk profiles and characteristics reported at
the time of the survey rather than those that prevailed at
the time of experiencing the event itself. This, in turn,
requires a strong assumption on how well contemporary
variables can approximate the characteristics of the indi-
vidual at the time of the occurrence of the event of
interest. For example, some characteristics of respon-
dents—such as alcohol consumption, smoking, physical
activity and labour force status—may even be shaped by
a respondent’s health condition rather than the other
way round, further creating what is known as endogene-
ity bias in such analyses.
Ideally, a study on the effects of respondents’

characteristics on health conditions would require a
large representative sample of healthy respondents clin-
ically checked at regular intervals for a range of health
conditions and a record of their characteristics and risk
profile during each of these encounters. In Australia,
the AusDiab survey20 and the 45 Up study21 provide data
that are close to the ideal situation. However, the
AusDiab survey is conducted at intervals of 5 years,
potentially missing out on important lifestyle events and

characteristic changes that happen in between the
follow-up surveys. On the other hand, the 45 UP study is
confined to a single jurisdiction, New South Wales, of
the eight in the country, which makes it unrepresenta-
tive of the nationwide situation. Most other studies in
the country, as a result, use data from national health
surveys, but such data while being statistically representa-
tive remain cross-sectional in nature and hence subject
to the biases discussed earlier.
Given the limitations of existing studies, this paper

therefore aims to revisit the link between risk factors
and the development of CVD and type II diabetes by
making use of nationally representative longitudinal
data from the Australian Household, Income and
Labour Dynamics survey (HILDA). Most importantly,
the paper employs a range of statistical designs to these
data to address some of the key shortcomings associated
with studies based on large-scale cross-sectional surveys
or follow-up data collected in controlled settings.

METHODS
Data source
This study uses the HILDA, which is a nationally repre-
sentative longitudinal survey that has been carried out in
Australia since the early 2000s. The unique nature of the
HILDA survey emanates from the fact that it combines
the advantages of both a follow-up study and population-
level surveys and contains information on respondents’
characteristics, as well as a range of health topics and
associated risk profiles collected on an annual basis. For
example, just as with population-level surveys, the data
are nationally representative, cover a relatively large
sample and have information on multiple health condi-
tions. Similarly, just like in clinically based follow-up
studies, patients are observed at regular intervals, provid-
ing an opportunity to examine a range of time-varying
characteristics of respondents, including their health
conditions.
Although HILDA occupies a unique position in the

Australian data collection landscape, its design resem-
bles other large-scale household panel surveys elsewhere
in the developed world, such as the German
Socio-Economic Panel (GSOEP) Survey and the British
Household Panel Survey (BHPS).22 23 Traditionally, the
survey has been primarily used for economic research,
but it is now increasingly also used for demographic and
health-related studies.24–27 The initial sample of house-
holds in the HILDA survey was drawn in 2001, using a
multistage sampling technique.23 It included all
members of households where at least one person pro-
vided an interview in the initial wave. These individuals
were then followed annually. In addition, the sample was
gradually extended to newly arrived migrants as well as
new household members resulting from changes in the
composition of the original households.
With respect to content, HILDA covers extensive infor-

mation such as age and sex of respondents; living
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arrangement, family background and relationships; edu-
cational attainment and occupation; income and
expenditure patterns as well as health status and health
service utilisation. Relevant health information obtained
by way of self-reporting was included in the HILDA
survey in a systematic fashion for the first time in wave 7,
and repeated again in wave 9. The data from these waves
allow us to identify respondents with type II diabetes
and three types of cardiovascular and circulatory-related
conditions, namely high-blood pressure, coronary heart
disease and other cardiovascular and circulatory condi-
tions. In the analysis, we combine all the responses asso-
ciated with cardiovascular and heart conditions into a
single category known as CVD. We also restrict the ana-
lysis to the population aged 35–70 years, given that risks
associated with these conditions began to increase
rapidly among the Australian population from around
age 35 years.28 We cap the age at 70 years both because
of differences in general health conditions in old age
and the limited number of observations. The final data
set for replicating the cross-sectional study design consti-
tutes all respondents aged 35–70 years, while only those
who were free from CVD and type II diabetes in the
earlier wave were used in the other models.

Analytical approach
The availability of extensive information on respondents’
health status and other individual characteristics at dif-
ferent time points in HILDA makes it possible to
compare results from longitudinal and cross-sectional
designs and control for comorbidity and time-varying
characteristics of respondents. Suppose dj

i;t represents
the presence of health condition j in individual i at time
t, a basic cross-sectional model for the prevalence of
disease j can be expressed as follows:

Prðdj
i;t ¼ 1Þ ¼ F(Xi;tb

j þ uj
i
) ð1Þ

where X is a vector that represents respondents’ socio-
economic status, lifestyle conditions and other key risk
factors and βj is the coefficient vector for disease j. uj

i

represents the error term that is assumed to follow a
standard normal distribution for all J. dj

i;t is a binary
outcome variable and Fð�Þ denotes the standard normal
cumulative distribution function.
The model above, however, does not take into account

the timing of events (ie, the time a respondent devel-
oped the condition) or their characteristics and risk
profile before or at the time of being afflicted with the
disease, which makes interpretation of observed relation-
ships less straightforward. Given the availability of data at
multiple time points in the HILDA survey, we can
correct for the bias by restricting the analysis only to
individuals who reported being healthy in the early wave
of the survey. This design thus allows us to analyse the
association between disease progression and risk factors
that is not usually possible in conventional cross-
sectional population-level surveys. Algebraically, such a

model that corrects for prior health status can be
described as,

Prðdj
i;t ¼ 1jdj

i;t�1 ¼ 0Þ ¼ F(Xi;tb
j þ uj

i
) ð2Þ

While the restriction on prior health condition repre-
sents an improvement over the conventional cross-
sectional design and allows us to have a clearer interpret-
ation of the role of observed lifestyle and risk profile of
respondents on the diseases of interest, such a model is
not without problems in that it still suffers from endo-
geneity bias. One example is when there are respon-
dents who quit smoking, begin regular physical exercise
or change their employment status following a diagnosis;
this can lead to a finding that less smoking and more
exercise are associated with having a condition, which is
contrary to both expectations and the actual sequence
of events. To address such causation and directional
issues, we design a ‘lag’ model that links prediagnoses
risk profile and characteristics of respondents with out-
comes at a later period rather than use those character-
istics and profiles observed at the end point. The
approach is consistent with disease progression29 and
avoids the strict assumptions imposed by some of the
alternative approaches such as the one that uses instru-
mental variables.30

One of the key requirements of the proposed lagged
design is the availability of a longitudinal data set for
estimation. However, longitudinal data sets or follow-up
studies are characterised by relatively high levels of non-
response and attrition, which at times can be linked with
key characteristics of respondents including their health
status. Therefore, to cater to such possibilities, our final
preferred model explicitly controls for selection bias
resulting from missing observations owing to attritions.
This is carried out by specifying a probit selection
model,31 32 where the selection equation and the health
status equations are estimated jointly and the correla-
tions between the error terms are directly factored in. If
we use yi to denote whether the individual remains in
the sample in the follow-up wave, our approach can be
summarised as follows:

Prðdj
i;t ¼ 1jdj

i;t�1 ¼ 0; yi ¼ 1Þ ¼ F(Xi;t�1b
j þ uj

i
)

Prðyi ¼ 1jdj
i;t�1 ¼ 0Þ ¼ F(zi;t�1gþ vi)

ð3Þ

where uj
i
�N(0; 1), vi∼N(0,1). Both dj

i;t and yi are binary
variables and can be estimated using a probit link func-
tion. Selection bias can be detected if the correlation
between uj

i
and vi is statistically different from zero. zi

represents variables that are used in the selection equa-
tion. Such selection models require the use of exclusion
restrictions to obtain reliable estimates. In our case,
place of residence and the number of dependent chil-
dren in each age group were used for this purpose as
they are expected to influence attrition but not changes
in health status within the 2-year interval used in our
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analysis. g is the coefficient vector for zi. The presence
of data on multiple health conditions also means that
we can model and study comorbidities in the study
population. To do so, we use a flexible variance-
covariance structure in the error terms of the two
disease equations (uj

i
).

For comparison purposes, we report the results for
our proposed model (equation 3) along with the trad-
itional prevalence-based analyses from the two cross-
sectional designs. The first of these (equation 1) is a
standard probit model and relates current health status
with current personal characteristics of respondents.
Equation 2 is also a cross-sectional data-based design but
controls for prior health status.

RESULTS AND DISCUSSION
Table 1 provides basic descriptive statistics for the study
population in the final model. In total, the analysis
covered 3632 individuals aged 35–70 years in 2007 with
valid responses in waves 7 and 9. According to the self-
reported data, all of these individuals were free from car-
diovascular and type II diabetes diseases in wave 7
(2007), the starting point for analysis. Of these

individuals, 255 respondents reported having developed
a CVD in wave 9 (2009), that is, within 2 years of observa-
tion and 34 others had developed type II diabetes during
the same period (including 10 individuals who devel-
oped both conditions). On average, individuals who did
not report a condition appeared to be younger, smoked
less, had a lower body mass index (BMI) and tended to
engage more in physical activity than their counterparts.
They were also relatively better educated, more likely to
hold managerial and technical positions, earned a
higher income and had a partner or were in some form
of marital relationship. Similarly, individuals who
reported having no CVD or type II diabetes condition
tended to report better health status during childhood.
Results shown in table 2 reveal significant changes in

the lifestyle and risk profile of respondents over the
interview period. For example, after 2 years of follow-up,
only 84% of respondents in the original sample main-
tained their BMI or were within a margin of 2.5 units
(half of a typical BMI-derived weight category band) and
this fell to below 73% a year later. Similar trends are
evident for smoking, alcohol consumption and physical
activity. The proportion of respondents who remained in
the same relationship and occupational categories also

Table 1 Data description (age 35–70 years in HILDA wave 7, mean value)

Disease condition in 2 years

Variable

No new

condition

Developed

CVD

Developed type

II diabetes

Age 48.34 53.38 55.26

BMI 26.3 28.5 30.53

Regular alcohol consumption 0.67 0.69 0.56

Daily smoker (1=smoke daily, 0 otherwise) 0.18 0.2 0.21

Frequency of physical activity that lasts at least 30 min

Not at all 0.22 0.29 0.5

1−3 Times/week 0.42 0.38 0.26

3+Times/week 0.36 0.33 0.24

Number of breakfasts taken/ week 5.81 5.63 5.24

Type of jobs

Manager and technical jobs 0.44 0.34 0.32

Service and sales 0.25 0.22 0.18

Labour/machine jobs 0.11 0.09 0.12

Equivalent income level (log) 10.38 10.24 10.25

Married or having a partner 0.78 0.74 0.76

Education status

Bachelor’s degree or above 0.29 0.16 0.18

Year 12 to Diplomas 0.44 0.42 0.38

Year 11 or below 0.27 0.42 0.44

Female 0.52 0.56 0.38

Poor childhood health 0.14 0.2 0.21

Migrant status

Non-migrant 0.76 0.74 0.64

English speaking migrants 0.13 0.12 0.12

Non-English speaking migrants 0.11 0.14 0.24

Total number of observations (N) 3632 255 34

Mean values are reported for the continuous variables. For binary variables, yes is coded as 1 while no is coded as 0. The reported values
are the mean values of the encoded variables.
BMI, body mass index; CVD, cardiovascular disease; HILDA, Australian Household, Income and Labour Dynamics survey.
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declined progressively with time, which suggests that
characteristics and risk profiles reported at one point in
time may not approximate the characteristics of these
individuals in another period, even when the intersurvey
interval is reasonably short. Notwithstanding the poten-
tial differences in responses to questions over time,
resulting from changes in levels of understanding and
interpretation of survey questions, the findings from
table 2 clearly highlight the problems associated with
cross-sectional studies. Lack of information on timing of
events and reliance on characteristics reported at the
time of survey to predict events that occurred at an
unknown period before the survey date can be
misleading.
Figure 1 shows age-specific prevalence and incidence

rates for CVD and type II diabetes with their associated
CIs using local polynomial smoothing. The prevalence

rates for both conditions resemble published results
based on the Australian Health Survey (AHS).33 As
expected for both conditions, prevalence rates increased
with age of respondents and were higher for CVD than
for type II diabetes. By age 50 years, over a third of the
population suffered from a lifetime risk of CVD and
about 1 in 20 also reported suffering from type II dia-
betes. Incidence rates also rose with age for CVD, but
for type II diabetes they did so only up to the late 60s
and declined thereafter.
Table 3 shows the probabilities of transition into the

four different health states (healthy; with CVD condition
only; with type II diabetes condition only; with both con-
ditions) from a previously healthy state. As can be seen,
about 7–8% of the respondents, who reported health
status in both waves and were healthy at the beginning
of the observation period, became diabetic or developed

Table 2 Percentage of respondents aged 35–70 years who reported identical patterns in the follow-up rounds

Proportion with identical responses for

Variable 2 years (%) 3 years (%) 5 years (%) 7 years (%)

Relationship status (6 categories) 95 89 80 73

BMI (fluctuation less than 2.5) 84 73

Smoking behaviour (5 categories) 90 80 69 61

Alcohol consumption pattern (8 categories) 61 42 26 18

Physical activity pattern (6 categories) 41 21 8 4

Occupation type (8 categories) 77 63 47 37

Only individuals who gave a valid response are included. 2009 is the last year used in this table.
BMI, body mass index.

Figure 1 Smoothed prevalence and incidence rate of CVD and type II diabetes in HILDA (wave 9). The rates are smoothed

using local polynomial regression estimators with a bandwidth of 2.5. 95% CI is shown in shaded colours. CVD, cardiovascular

disease; HILDA, Australian Household, Income and Labour Dynamics survey.
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at least one CVD condition 2 years later. The transition
probabilities for both genders followed a similar pattern.
For both men and women, the probability of developing
type II diabetes was lower than the probability of devel-
oping CVD conditions, as expected.
Tables 4 and 5 present results of our regression

models for CVD and type II diabetes, respectively. These
tables contain three statistical designs, namely results
from a cross-sectional approach, a model based on cross-
sectional data but estimated on the condition of no
prior health condition, and a final model that controls
for prior health status and corrects for endogeneity
biases. The cross-sectional models were based on wave 9,
while for the final model both waves 7 and 9 were used.
As stated earlier, in the final model, in addition to esti-
mating the risks of developing CVD and type II diabetes
jointly, we also tested the results for the effects of attri-
tion and selection biases.
The analyses suggest notable differences in patterns

and the strength of relationships between risk factors and
CVD, depending on the strands of the statistical design
used for analyses. BMI and a higher education level were
consistently and significantly associated with CVD condi-
tions in all three models. However, the strength and sig-
nificance of the relationships observed for these variables
varied among the models. For example, while BMI was
significant across all the three models for CVD, its impact
was stronger in the model that controlled for endogene-
ity biases and weakest in the models with a cross-sectional
design. Specifically, the point estimates for the final pre-
ferred model were more than two SEs higher than those
for the cross-sectional estimates. Results for the condi-
tional cross-sectional model were somewhere in between,
but closer to the estimates from the conventional cross-
sectional model, which suggests that the effects of endo-
geneity biases are not negligible.
Similar patterns were apparent for alcohol consump-

tion where its effect was found to be insignificant for the
standard cross-sectional model. The stronger effect of
these factors for the endogeneity-corrected model may
suggest that patients diagnosed with CVD conditions
were more likely to control their alcohol consumption
and physical weight through exercise and diet, a finding
that is consistent with a number of earlier clinical trial
studies.34

On the other hand, once the effects of comorbidity
and endogeneity biases were corrected for, occupation
and smoking no longer predicted the chance of devel-
oping CVD as shown in model 3. Income, education
and migration status all showed a stronger impact in the
preferred model than the standard cross-sectional
(model 1) or the cross-sectional model estimated on
condition of no prior health condition (model 2).
Additionally, in two of the three models, respondents
who reported childhood health problems were more
likely to suffer from CVD. In all the three models for
CVD, females tended to have a higher risk of developing
the condition than their male counterparts, but the dif-
ference between them was statistically significant only in
the final model, which corrects for endogeneity and
selectivity biases.
Interestingly, physical activity did not seem to be an

important predictor of risk of developing a CVD condi-
tion, although the sign of the coefficient for the variable
exhibited the expected adverse impact. However, once
the comorbidity and endogeneity biases were corrected
for, physical inactivity was significantly associated with
the development of type II diabetes. This suggests that
the effect of physical activity, as is the case with BMI and
alcohol consumption for CVD, may have been underesti-
mated in cross-sectional studies owing to the potential
dose–response behaviour. This is consistent with previ-
ous medical research on the mechanism and pathways
of influence of increased physical activity on risk of
diabetes.35 36

Certain socioeconomic factors such as employment
status and occupation that are usually found to be asso-
ciated with CVD or type II diabetes in cross-sectional
studies showed a similar impact in our cross-sectional
designs. However, the findings that these same variables
did not have any statistically significant coefficient in the
preferred final model seems to suggest that the observed
correlation might as well be a result of endogeneity-
related issues,37 38 rather than of any true effect of
employment on CVD. This is in line with some of the
clinical studies,39 40 where education, instead of occupa-
tion, was found to be a more significant factor.
Additionally, the finding suggests that immigrants with a
non-English speaking background have a higher risk of
developing both CVD and type II diabetes than
Australian-born respondents, a finding consistent with
some of the earlier research on Australian
immigrants.41 42

Moreover, the analysis suggests a high and significant
correlation between CVD status and the incidence of
type 2 diabetes in the population, even after controlling
for socioeconomic status and lifestyle factors. The correl-
ation coefficient between the error terms of the two
disease equations is positive and statistically significant
(coefficient 0.27, p value 0.01), which means that those
who developed either of the conditions are more likely to
develop the other condition as well. In the preferred
model, we also tested for selection-associated or

Table 3 Raw transition probabilities within 2 years for a

healthy individual in HILDA between 2007 and 2009

Year 2009

Year

2007

Remain

healthy

(%)

CVD

Condition

(%)

Type II

diabetes

(%)

Both CVD

and type

II diabetes

(%)

Male 92.7 6.2 1.0 0.2

Female 92.1 7.1 0.4 0.3

CVD, cardiovascular disease; HILDA, Australian Household,
Income and Labour Dynamics survey.
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attrition-associated biases but found no supporting evi-
dence. The p value for the correlation between the error
terms in the selection equation and the disease equations
(see equation 3) were well above the 0.10 threshold.

CONCLUSIONS
CVD and type II diabetes are two of the major public
health challenges of our time, and both conditions are

expected to assume even greater significance in future,
given the ongoing demographic transformation in
Australia and around the world. In this population-level
study, we followed a panel of nationally representative
individuals aged 35 years or over with no prior type II dia-
betes or CVD condition in the initial wave under consid-
eration and re-examined the socioeconomic and risk
factors associated with developing these conditions; we
also compared the results from cross-sectional study

Table 4 CVD estimations

Variables Cross-sectional Conditional cross-sectional Preferred model

Social demographic factors

Female −0.03 0.10 0.14**

(0.05) (0.07) (0.07)

Age 0.08*** 0.05 0.06

(0.03) (0.05) (0.04)

Age squared 0.00* 0.00 0.00

(0.00) (0.00) (0.00)

Foreign born −0.02 −0.12 −0.07
(English speaking) (0.06) (0.10) (0.10)

Foreign born 0.05 0.18* 0.21**

(Non-English speaking) (0.07) (0.11) (0.11)

Equivalent income 0.04 0.01 −0.11*
(0.04) (0.05) (0.06)

Married or having a partner −0.01 −0.06 −0.04
(0.05) (0.08) (0.08)

Bachelor’s degree or above −0.16** −0.34*** −0.34***
(0.06) (0.10) (0.10)

Year 12 to Diplomas −0.08* −0.17** −0.14*
(Baseline: year 11 or below) (0.05) (0.08) (0.08)

Manager and technical jobs −0.21*** −0.18* 0.03

(Baseline: not working) (0.06) (0.10) (0.10)

Service and sales −0.17*** −0.16 −0.03
(0.07) (0.11) (0.10)

Labour/machine operators −0.17** −0.28** −0.09
(0.08) (0.14) (0.13)

Mid to poor childhood health 0.09 0.19** 0.16*

(0.06) (0.09) (0.09)

Lifestyle factors

BMI 0.04* 0.06** 0.11***

(0.02) (0.03) (0.03)

Age BMI interaction 0.00 0.00 0.00**

(0.00) (0.00) (0.00)

Regular alcohol consumption 0.00 0.26*** 0.24***

(0.05) (0.08) (0.08)

Daily smoker −0.11* −0.03 0.08

(0.06) (0.10) (0.09)

1–3 times reported physical activity per week 0.05 0.02 −0.11
(Baseline: <1/week) (0.05) (0.09) (0.08)

3+ times reported physical activity per week −0.04 −0.08 −0.10
(0.06) (0.09) (0.09)

Number of breakfasts per week −0.01 −0.03* −0.02
(0.01) (0.02) (0.02)

Constant −4.42*** −4.63***
(1.04) (1.52) (1.52)

Observations 5261 3464 3632

SEs in parentheses. All SEs are Huber-White sandwich estimators, which are estimated using the ‘robust’ option in Stata. * p<0.10, ** p<0.05,
*** p<0.01.
BMI, body mass index; CVD, cardiovascular disease.
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designs. Specifically, we controlled for selection-related
and attrition-related biases and related the outcome vari-
ables to prediagnosis behaviour and characteristics rather
than to those that prevailed at the time of enquiry. We
then compared the results with standard cross-sectional
based models to gauge the level of endogeneity-related
biases resulting from adopting the latter approach.
Our findings reaffirm some of the findings of earlier

studies while at the same time revealing some

differences with results from cross-sectional studies. Our
estimations suggest that BMI and alcohol consumption
have a much stronger association with risk of developing
a CVD condition than cross-sectional estimates would
suggest. Physical activity was found to have a significant
effect on developing type II diabetes once we controlled
for endogeneity biases.
Our analyses suggest that while physical activity and

lifestyle factors appear more important in predicting the

Table 5 Type II diabetes estimation

Variables Cross-sectional Conditional cross-sectional Preferred model

Social demographic factors

Female −0.40*** −0.37** −0.30**
(0.07) (0.15) (0.15)

Age 0.16*** 0.16 0.12

(0.05) (0.13) (0.12)

Age squared 0.00*** 0.00 0.00

(0.00) (0.00) (0.00)

Foreign born 0.08 −0.06 −0.01
(English speaking) (0.10) (0.21) (0.20)

Foreign born 0.22** 0.32* 0.36**

(Non-English speaking) (0.09) (0.18) (0.16)

Equivalent income 0.00 0.02 0.01

(0.06) (0.10) (0.13)

Married or having a partner −0.20*** −0.08 0.06

(0.07) (0.16) (0.16)

Bachelor’s degree or above −0.04 −0.04 −0.18
(Baseline: year 11 or below) (0.10) (0.16) (0.20)

Year 12 to Diplomas −0.04 −0.24 −0.14
(0.08) (0.16) (0.15)

Manager and technical jobs −0.38*** −0.23 −0.07
(Baseline: not working) (0.09) (0.21) (0.19)

Service and sales −0.27*** −0.21 −0.13
(0.10) (0.22) (0.22)

Labour/machine operators −0.21* −0.11 −0.11
(0.12) (0.23) (0.24)

Mid to poor childhood health −0.06 0.15 0.10

(0.09) (0.18) (0.18)

Lifestyle factors

BMI 0.04 0.02 0.00

(0.03) (0.05) (0.06)

Age BMI interaction 0.00 0.00 0.00

(0.00) (0.00) (0.00)

Regular alcohol consumption −0.46*** −0.24* −0.08
(0.07) (0.14) (0.14)

Daily smoker 0.06 −0.39 0.03

(0.10) (0.31) (0.18)

1–3 times reported physical activity per week −0.15* −0.24 −0.41**
(Baseline: <1/week) (0.08) (0.18) (0.16)

3+ times reported physical activity per week −0.11 −0.04 −0.40**
(0.08) (0.17) (0.17)

Number of breakfasts per week 0.05*** 0.00 −0.03
(0.02) (0.04) (0.03)

Constant −6.13 −7.67*
(1.79) (1.79) (3.94)

Observations 5261 3464 3632

SEs in parentheses. All SEs are Huber-White sandwich estimators, which are estimated using the ‘robust’ option in Stata. * p<0.10, ** p<0.05,
*** p<0.01.
BMI, body mass index.
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probability of developing a CVD in the endogeneity-
corrected model, the impact observed with regard to
socioeconomic characteristics for this model was rather
lower as compared with what is generally reported in
cross-sectional studies. For example, employment status
and occupation types that are usually found to be asso-
ciated with CVD or type II diabetes in cross-sectional
studies appear to have no impact once the model is cor-
rected for endogeneity biases.
A number of results relevant to policy emerge from

our analysis. Given the importance of BMI for CVD pre-
vention and the high levels of population-wide BMI in
Australia, it is high time that health intervention pro-
grammes pay greater attention to the obesity epidemic
in the country. The total annual direct cost of over-
weight and obesity in Australia in 2005 was $21 billion,43

and is likely to be even greater for recent years, given
the current trend of obesity in the country. The stronger
link between BMI and CVD in this paper therefore sug-
gests that surgical options in the case of excessive
obesity44 appear to be more warranted than was previ-
ously thought. Along with medical interventions, efforts
to promote healthy lifestyles (such as those related to
diet, smoking and physical exercise) also need strength-
ening in the country. The findings on the importance of
physical activity for type II diabetes and smoking for
CVD are particularly important and need to be consid-
ered in designing future intervention strategies. Further,
a targeted screening process for type II diabetes, espe-
cially among the country’s foreign-born population,
could help practitioners identify early-stage patients,
given the positive and significant link between migration
status and newly developed type II diabetes.
Finally, a few caveats around the research are in order.

One of the major limitations of our analysis relates to
the fact that the health status variables used in the study
were not based on biomarkers but were obtained by way
of self-reporting. Although it is possible that part of this
limitation could be offset by the potential correlations
between biomarkers and lifestyle factors, of which our
data have an extensive collection, self-reported data may
contain measurement errors that warrant further investi-
gation as and when such data become available. In view
of this and the increasing burden of non-communicable
conditions, there appears to be an opportunity for stake-
holders of the HILDA survey to introduce biomarkers
for selected health conditions, possibly to a limited sub-
sample of the survey. However, given that HILDA is not
meant to be a health survey and collects only a limited
range of information, future health research in Australia
should also look into ways of introducing large-scale
nationally representative panel surveys focusing on
major health issues in the country. This can be achieved
either by extending the 45 UP study to other jurisdic-
tions (beyond New South Wales) or by widening the
scope of the AusDiab survey to include other major non-
communicable conditions as well as by shortening the
interval between rounds for the AusDiab survey from 5

to 3 years. Meanwhile, while analysing existing longitu-
dinal clinical data sets, further research into the socio-
economic and risk factor effects on CVD and diabetes in
Australia and elsewhere may consider applying our pre-
ferred model to correct for endogeneity and selectivity
biases.
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