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Abstract

This paper examines the dynamic nature of human capital formation in the context of childhood obesity

and the association of household income and childhood obesity in Australia using the first five waves of the

Longitudinal Study of Australian Children (LSAC). Our results show a strong evidence of dynamic nature

of child obesity: the lag obesity is a significant and robust predictor of obesity in the current period. We

also found that the main channel for childhood obesity is inter-generational trait: the probability of obesity

in children born to an obese mother or father is 15% higher than that of other children. Other important

determinants are lifestyle factors, including the consumption of drinks with a high sugar content and the

amount of time watching TV. Income becomes an insignificant determinant of childhood obesity once we

control for unobserved individual heterogeneity.
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1 Introduction

The incidence of childhood obesity is increasing at an alarming rate across the world (Wang and Lob-

stein, 2006). Australia is no exception: the National Health Survey 2008 showed that the incidence of

obesity among children aged 7–15 was 25 per cent (Australian Bureau of Statistics, 2009), which is about

double the rate of the 1980s. Childhood obesity is associated with adverse health consequences and risk

factors including psychological stress, Type 2 diabetes and metabolic syndrome (Freedman et al., 2007;

Whitlock et al., 2005; Han et al., 2010; Sutherland, 2008; Dietz, 1998; Janicke et al., 2008). Obese children

and adolescents are at higher risk of experiencing social and psychological problems–such as discrimina-

tion and poor self-esteem–which can continue into adulthood (Williams et al., 2005; Dietz, 1998; Cawley,

2008). Childhood obesity is also estimated to impose a heavy economic burden on society, and has been

estimated to be responsible for 2.0–3.5 per cent of medical expenditure (Thompson and Wolf, 2001). Many

studies confirm that the costs of medical services among obese children are significantly higher than those

of children within a healthy weight range (Wenig et al., 2011; Kuhle et al., 2011; Au, 2012). In Australia,

the estimated direct and indirect costs of obesity and obesity-related illnesses was $37.7 billion in 2008/09,

whereas the costs related to productivity loss due to absenteeism and premature death was estimated to be

$6.4 billion per year (Medicare Australia, 2010).

The literature indicates that household income is an important determinant of childhood obesity. In

particular, the prevalence of obesity is higher among low-income households in developed countries (Bal-

trus et al., 2007; Bhargava et al., 2008; Baum II and Ruhm, 2009; Stamatakis et al., 2010; Murray et al.,

2011; El-Sayed et al., 2012; Chia, 2013; Walsh and Cullinan, 2015) but the trend is reversed in developing

countries (Nguyen et al., 2007; Mushtaq et al., 2011; Zere et al., 2012). To the best of our knowledge, no

study to date has examined the effects of income on childhood obesity using a dynamic specification. The

contribution of this paper is the application of dynamic nature of human capital model by Heckman (2007),

and Cunha and Heckman (2007) in the context of child obesity. We use child’s previous obesity status

as an independent variable to investigate the dynamic nature of obesity. Cunha and Heckman (2007) and

Heckman (2007) examined this issue in children’s skill formation and found that child’s current cognitive

and non-cognitive outcomes are shaped by previous cognitive and non-cognitive outcomes. Further, only
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few studies have examined the relationship between obesity status of children and income over time. In this

study, we address these gaps in the literature using the household level data from the Longitudinal Study

of Australia Children (LSAC). We develop an innovative approach that combines the richness of the LSAC

data set with a Hausman specification test to mitigate effects of unobserved individual characteristics. We

apply an extended random effects model by Wooldridge (2005) to empirically investigate the determinants

of child obesity. We also test for the hypothesis that the effects of household income on childhood obesity

follow the law of diminishing marginal return.

Our results reveal a strong dynamic relationship. A child’s current level of obesity is highly correlated

with his/her previous obesity status. We also find that that when only a basic sets of covariates are used,

childhood obesity is likely to be common among children from low SES households. However, the relation-

ship between income and childhood obesity becomes insignificant if we consider dynamic nature of human

health capital development and unobserved heterogeneity. Our results support the hypothesis that childhood

obesity is correlated with parental obesity, consumption of drinks with high sugar content and watching TV.

2 Methodology

Based on the theory of dynamic nature of human capital formation (Grossman, 1972; Cunha and Heck-

man, 2007; Heckman, 2007), we argue that obesity status in the current period will also be strongly asso-

ciated with obesity status in the previous period. Other possible determinants of childhood obesity include

genetics, energy intake (amount and frequency of food and drinks consumption), energy spend (frequency

and level of physical activities), and the efficiency of the energy conversion process (metabolism). The living

environment (e.g., neighbourhood characteristics), that is static, also affects the intake and metabolization

of energy and hence child obesity. Household income can affect the obesity status of children via observ-

able factors such as the provision of food/drinks and enrolments in sport activities. Thus, the balance of

energy is potentially affected by both observable factors such as calorie intake (e.g., consumption of food

and drinks), calorie spending (e.g., physical activities), characteristics of the individuals, households, and

external environment; and unobservable factors such as genetic inheritance (“nature”) and latent (possibly,

learned) attitudes towards eating, exercises and so on. Unobservable factors such as genetic inheritance may

3



affect both the incidence of obesity and the regressors of interest such as household income; hence analyses

on determinants of obesity may produce biased results if one ignores this issue.

Taking into account the dynamic nature of the human health capital model, and the presence of unob-

servable factors such as genetics and personality traits, the analysis of obesity determinants can be specified

as below

y∗it = γy∗i,t−1 +αIit +βXit +ui + εit (i = 1,2, ...,N; t = 1,2, ...T ) (1)

where y∗it is the latent variable of child obesity that is observed by the child’s obesity status (yit ), coded as

one if y∗it > 0 and zero otherwise. The variable Iit represents household income; Xit is a set of variables

representing individual characteristics, household characteristics and environmental factors; ui is the set of

time-invariant unobserved individual effects (e.g., genetic, persistence, discipline); and εit is the random

noise.

Under the assumption that the conditional probability yit = 1 follows standard cumulative normal distri-

bution, we can estimate Equation (1) using a probit estimator. If the conditional probability that yit = 1 is

assumed to follow a cumulative logistic distribution, Equation (1) can be estimated using a logit estimator.

The main challenge is that the presence of a set of unobserved individual effects (ui), potentially violates the

basic assumption in regression analysis that the error term be uncorrelated with the regressors, and hence the

results could be biased.

Four strategies can be used to control for individual unobserved characteristics. First, individual unob-

served characteristics can be controlled for using data that include information about identical twins (Web-

bink et al., 2010; Price and Swigert, 2012). Since identical twins share the same genetic inheritance from

their parents and growing environments, any differences in their obesity status must be accounted for by

other factors. Second, the IV approach seeks to identify variables that correlate with the endogenous vari-

ables (e.g., household income) but are uncorrelated with the child’s obesity status. Anderson et al. (2003)

argued that unemployment rate, child care regulations, wages of child care workers, welfare benefit level and

states of welfare reforms could be selected as IVs in analysing the effects of maternal employment on child

obesity. However, one may argue that these factors may affect child obesity incidence via mother’s income
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and mental health status. Thus, finding good IVs is practically difficult and we were unable to find a good

IV candidate in this study. Third, one can mitigate effects of unobserved individual effects by controlling for

a large set of exogenous variables. The implicit assumption of this approach is that effects of unobservable

factors are proportionally related to effects of observable factors. Thus, when the number of observable

variables controlled for is large enough, effects of unobservable characteristics are mitigated. Fourth, one

can control for unobserved individual characteristics using panel data methods, namely fixed-effects (FE)

and random-effects (RE) estimators. In the case of binary dependent variables as in this study, one can ap-

ply the conditional fixed effects estimator by Chaimberlain (1980), where the likelihood function does not

depend on time-invariant individual characteristics (ui). However, this property of the likelihood function

only works for logit regressions and it cannot estimate marginal effects. In addition, the estimator discards

observations that the dependent variable did not change its states (e.g., from obesity to non-obesity) over

waves; resulting in a considerable loss of observations in studies like ours. The traditional RE estimator

assumes that unobserved individual characteristics are normally distributed and independent of exogenous

regressors. The estimation of a dynamic specification like Equation (1) faces an “initial condition problem”

that the first observation of dependent variable (yi,0) is correlated with ui. Wooldridge (2005) proposed a

simple solution that express the unobserved individual characteristics as a function of initial observation and

other observable regressors

ui = δ0 +δ1yi,0 +δ2Zit + rit (2)

where yi,0 is the first observation of yi, Zit are exogenous variables, which may include Xit , and rit is random

errors. Thus, Equation (1) can be estimated using a standard RE approach after replacing ui with that

in Equation (2). In this study, we define yi,0 as the obesity status of children in Wave 1. One method

to choose between the FE and RE estimators is to utilise the Hausman test, which compares the common

parameters of the two estimates. If the null hypothesis that the two estimators produce the same parameters is

rejected, the FE estimator is preferred because it produces consistent estimates in the presence of unobserved

heterogeneity. If the test fails to reject the null hypothesis, the RE estimator is preferred because it is more

efficient (i.e., produce lower standard errors).

In this study, we develop an innovative approach that combines the richness of the LSAC data set with
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a Hausman specification test to mitigate effects of unobserved individual characteristics. We commence by

estimating Equation (1) using a basic set of covariates and then continue to add more covariates until the

Hausman test does not reject the null hypothesis. Our rationale is that, when only a basic set of covariates

is controlled for, the FE estimator will be preferred because the RE estimator still leave ample room for un-

observed individual effects. The ability of RE estimator to mitigate unobserved individual effects increases

as more observable covariates are controlled for. This argument is similar to the model specified by Altonji

et al. (2005), who argued that selection on unobservables are proportional to selection on observables, hence

the more observable covariates are controlled for, the effects of unobservables are minimized. Thus, we

argue that when the Hausman specification test prefers the RE estimator, its ability to address unobserved

individual effects are similar to that of the FE estimator.

3 Data

3.1 Data sources

In this study, we use the first five waves of the Longitudinal Study of Australian Children (LSAC), which

is a nationally representative survey first conducted in 2004 and then repeated every two years until 2018

(Soloff et al., 2005). The survey includes two cohorts: children born between March 2003 and February

2004 (B-Cohort), and between March 1999 and February 2000 (K-Cohort). The data were collected using a

two-stage clustered sampling survey, where postcodes were used as the primary sampling unit. The LSAC

sample contains approximately 5000 children in each cohort, with an average of 20 children per cohort,

per postcode. The final respondent samples for the B Cohort consist of 5107, 4606, 4386, 4242 and 4085

children in Waves 1,2,3,4 and 5, respectively.The sample size for the K Cohort is 4982, 4464, 4331, 4169

and 3956 children for Waves 1, 2, 3, 4 and 5 respectively.

3.2 Measurement of key variables

In line with the literature (e.g., Anderson et al., 2003), we define children as obese when their BMI is

greater than the 95th percentile of the BMI population distribution based on the growth chart published by
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the Center for Disease Control and Prevention (Kucamarski et al., 2002). The data on weight and height

that used in calculation of children BMI were measured by LSAC surveyors. In this study, we calculate

the household income as the sum of weekly income of mother and father then multiply by 52 to calculate

annual income. We convert nominal income to real income using consumer price index (Australian Bureau

of Statistics, 2015), selecting the price level of the first wave (2004) arbitrarily as the base period. To reflect

better the living standard of households, we also convert household income to adult-equivalent income by

dividing household income to the square root of household size, which is one popular option to convert

income into adult-equivalent scale (Solt, 2009). Finally, we standardise the distribution of adult-equivalent

income for the ease of interpretation. For example, because one standard deviation above or below mean

income is used in the literature to classify socio-economic status (Kennedy et al., 1998), the standardisation

of income makes us able to interpret movement of income parameters by one unit as effects of changing

socio-economic status.

The summary statistics reported in Table 1 show that there are significant differences in most character-

istics of obese and non-obese children. Some exceptions include household size, consumption of high fat

food, the proportion of families with most out-of-home activities, and neighbourhood facilities. In particular,

boys are more likely to be obese than girls and obese children are less likely to live in households that speak

English at home.

The obesity incidence is 4.8% among children with Aboriginal and Torres Strait Islander (ATSI) back-

ground and 3.1% among non-ATSI children. Obese children live in lower income households ($70,000 per

year on average) despite their parents working longer hours (27 hours per week for mother and 47 hours

per week for fathers, on average), compared with those of non-obese children (average annual household

income is $83,000, and average working hours per week are 25.7 for mothers and 46.5 for fathers). This

observation suggests that parents of obese children are more likely to work in low paid jobs.

Parents of obese children have less education (57% of mothers and 48% of fathers completed Year 12)

than parents of non-obese children (66% of mothers and 58% of fathers completed Year 12). The parents

of obese children also exercise less but difference is not substantial. The mothers and fathers of obese

children exercise 2.8 hours and 3.1 hours per week, respectively, while the mothers and fathers of non-obese

children exercise 2.9 and 3.2 hours per week, respectively. Parents of obese children are also less likely to
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stay together, slightly younger, have poorer physical and mental health, and more likely to be obese. Obese

children spend more time watching TV and consume more drinks with high sugar content but there is no

significant difference in the consumption of high-fat food. Finally, the families of obese children appear to

live in neighbourhoods with poorer socio-economic status (proxied by percentage of people who have Year

12 education and speak English). Nevertheless, there was no difference in access to basic facilities (e.g.,

parks, library and public transport).

—Insert Table 1 about here —

The concentration curves in Figure 1 confirm that the incidence of child obesity is higher among poorer

households. Note that all concentration curves lie above the 450 line, or line of perfect equality, suggesting

that the incidence of child obesity is higher among poor households and that inequality has increased over

time. The visual observation is confirmed by concentration indices (CI)1, which increase sharply (in absolute

value) from -0.06 in Wave 1, -0.1 in Wave 2, -0.102 in Wave 3, -0.14 in Wave 4 to -0.16 in Wave 5. Therefore,

the income gradient of child obesity may increase as the child ages (i.e., over survey waves); however, this

hypothesis does not consider other covariates.

—Insert Figure 1 about here —

4 Results

We utilise the richness of LSAC data to address individual heterogeneity by controlling for a comprehen-

sive set of covariates as suggested by Gregg et al. (2005) (i.e., a detailed picture of observable heterogeneity).

Murnane and Willett (2010) have argued that relying solely on a rich set of covariates to address the issue of

endogeneity does have some limitations. We therefore incorporate the Hausman specification test to develop

an optimal model, which mitigates heterogeneity while maintaining a relatively parsimonious specification.

The results2 show that, only when a very basic set of covariates (i.e., parents’ obesity status, age, gender of

1CI is defined as twice the area between the concentration curves and the 450 line and ranges from -1 to 1. A CI of zero (i.e.,
concentration curve coincides with the 450 line) reflects perfect equality; a negative CI suggests obesity is greater among the poor and
a positive CI suggests the rich has higher rate of obesity.

2Since tparameters of probit/logit estimators with different covariates are not comparable (Norton, 2012), we do not report the
results of this basic specification (but they can be made available from the authors upon request). We focus instead on the significance
of income parameters to show that this simple specification can over estimate the effects of income. We thank an anonymous reviewer
for reminding us of this issue.
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children, the ATSI status, and English spoken at home) and a RE estimator are used, family income becomes

a significant determinant of child obesity.3 However, the quadratic term of income is not significant despite

having the expected positive sign. In addition, in this basic model, the FE estimator is preferred according

to the Hausman specification test.

To exploit the richness of LSAC data, we select control variables in the following groups: energy inputs

and outputs (consumption of food, drinks, leisure and physical activities), family traits (obesity status of

parents), culture (ATSI status and English spoken at home), family environment (out-of-home activities, the

level of exercise of parents), and living environment (neighbourhood characteristics) as identified in previous

studies. Selection of potential variables for each group is based on the number of observations and corre-

lations among possible pairs (i.e., selecting one variable with most number of observations among highly

correlated pairs of similar variables within a group). We find that when two variables in each group are se-

lected, the Hausman specification test failed to reject the null hypothesis that common parameters of the RE

and FE estimators are similar (test statistics = 4.34, p-value=0.22). Thus, when a comprehensive covariate

with at least two variables from each group are selected, effects of unobserved individual characteristics are

mitigated, and hence, the RE estimator is preferred.

Table 2 shows that the household income per adult equivalent and its quadratic are not significant when

a comprehensive set of covariates are included. We report the RE probit estimator instead of logit estimator

for the ease of interpretation (i.e., probability of being obese). The lag of obesity and the obesity status in the

first wave are a significant determinant of obesity status in the current period. In particular, obese children

in the previous period have a 20.6% higher probability of being obese.

3We do not present the result of this naive model for brevity and since comparison paramters of probit/logit estimators with different
controls are not advisable (Norton, 2012). But this result can be obtained from the authors upon request.
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Table 1: Household income and obesity status: Random Effects Probit Estimator
Variables Coefficients Standard errors Marginal effects
Lag obese ***1.681 0.182 0.206
Obese in Wave 1 ***1.047 0.325 0.075
Income per adult-equivalent 0.081 0.224 0.002
Income squared -0.006 0.028 -0.0002
Mother is obese (Y=1) ***0.403 0.136 0.015
Father is obsed (Y=1) ***0.386 0.127 0.014
English spoken at home (Y=1) **-0.491 0.203 -0.022
ATSI status (Y=1) 0.181 0.343 0.006
Gender of the child (Y=1) -0.064 0.110 -0.002
Both parents at home (Y=1) -0.287 0.249 -0.011
Child’s age (months) 0.023 0.019 0.001
Serves of high fat food -0.029 0.054 -0.001
Serves of high sugar drinks **0.115 0.049 0.003
Hours watching TV/days *0.127 0.077 0.003
Out of home activities index 0.010 0.047 0.0003
Mother completed Year 12 (Y=1) -0.133 0.126 -0.004
Father completed Year 12 (Y=1) -0.113 0.124 -0.003
Mother has good health (Y=1) -0.024 0.126 -0.001
Father has good health (Y=1) 0.064 0.118 0.002
Mother’s depression scale **0.253 0.126 0.007
Father’s depression scale 0.156 0.113 0.004
Mother’s days of exercise per week -0.046 0.032 -0.001
Father’s days of exercise per week 0.017 0.026 0.0005
Mother’s average hours worked per week 0.005 0.004 0.0001
Father’s average hours worked per week ***0.012 0.004 0.0003
% completed Year 12 in neighbourhood *-0.010 0.006 -0.0003
% speak English in neighbourhood -0.008 0.005 -0.0002
Neighbourhood facilities -0.054 0.082 -0.001
Time trend (wave) 0.783 1.124 0.021
Wave×income per adult-equivalent -0.090 0.099 -0.002
Constant ***-5.280 1.262
σu ***0.671 0.210
Number of observations 3267
BIC 1237
AIC 1042
Log-Likelihood -489

Note: 1Significant levels: 1% = ***; 5%= **; 10%= *

Other important determinants of childhood obesity include the obesity status of mother and father: chil-

dren of an obese mother or father have a 1.5% higher probability of being obese. Children from households

who speak English at home have 2.2% lower probability of being obese. Among the energy inputs outputs
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channels, the consumption of drinks with a high sugar content is significantly associated with obesity. Serv-

ing one more high sugar drink per day or one additional hours of watching TV per day is associated with

an increase to the probability of child obesity by 0.3%. Physical and mental health status of parents appears

to play an important role in determining the obesity status of children. In particular, children of depressed

mothers are significantly associated with higher probability of being obese. The marginal effects of mother’s

depression scale to obesity of the child are 0.7% but effects of the obesity status of father are not significant.

Likewise, children of fathers who spend longer working hours are also significantly more likely to be obese.

One additional hours of work per week by fathers is associated with a 0.03% increase in the probability

of their children being obese. Neighbourhood characteristics also have strong effects on childhood obesity.

The probability of child obesity is significantly lower among households living in neighbourhood with high

percentage of people completed Year 12. However, the significant level is only 10% and the marginal ef-

fects are modest: one percent increase in the number of people completed Year 12 in the neighbourhood is

associated with 0.03% reduction in the probability of child obesity.

To test the sensitivity of analysis, we select alternative measures of obesity: 1) those who have weight-

for-age (measured by surveyors) score at 95 percentile or higher; and 2) a self-reported measure of obesity

that define as those selected last choice of an 4-point Likert scale question on their child weight4. The

results reported in Table 3 are consistent with that in Table 2. One major different is that income remained

a significant determinant of child obesity when weight-for-age is selected to determine children’s obesity

status. However, the significant level is only at 10 percent and the magnitude is modest: an increase of

adult-equivalent income by one standard deviation is associated with only 2% reduction in the probability

of child obesity. In addition, the positive and significant result of the quadratic term of income suggests that

the marginal effects diminish as income increases. Lag obesity and the obesity status in Wave 1 are the most

significant determinants of child obesity. The marginal effects of those who were obese in the last period are

25% and 18.7% for obesity defined by weight-for-age and self-reported, respectively. Likewise, children of

obese father or mother are significantly more likely to be obese while the probability of childhood obesity is

significantly lower in English-spoken households.

4These 4-point answers are: 1) Underweight, 2) Normal weight, 3) Somewhat overweight, and 4) Very overweight. We define
self-reported obesity if children are in option 4.
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Table 2: Household income and obesity status: sensitivity tests
Variables Weight-for-age Self-reported

Coefficients Marginal effects Coefficients Marginal effects
Lag obese ***1.364 0.25 ***1.467 0.187
Obese in Wave 1 ***1.081 0.17 ***0.693 0.044
Income per adult-equivalent *-0.260 -0.02 -0.120 -0.004
Income squared *0.028 0.002 0.011 0.0003
Mother is obese (Y=1) ***0.490 0.051 ***0.483 0.023
Father is obsed (Y=1) ***0.401 0.038 ***0.398 0.017
English spoken at home (Y=1) **-0.296 -0.028 ***-0.443 -0.021
ATSI status (Y=1) 0.176 0.016 0.338 0.015
Gender of the child (Y=1) 0.076 0.006 -0.123 -0.004
Both parents at home (Y=1) -0.160 -0.014 ***-0.450 -0.023
Child’s age (months) ***-0.008 -0.001 ***0.008 0.0003
Serves of high fat food -0.016 -0.001 -0.022 -0.001
Serves of high sugar drinks 0.037 0.003 ***0.102 0.003
Hours watching TV/days 0.067 0.005 0.026 0.001
Out of home activities index *-0.057 -0.0043 0.031 0.001
Mother completed Year 12 (Y=1) -0.005 -0.0004 -0.002 -0.00005
Father completed Year 12 (Y=1) **-0.007 -0.0006 -0.004 -0.0001
Mother has good health (Y=1) 0.016 0.001 0.064 0.002
Father has good health (Y=1) -0.005 -0.0004 -0.081 -0.003
Mother’s depression scale 0.010 0.001 0.000 0.00001
Father’s depression scale -0.123 -0.01 -0.043 -0.001
Mother’s days of exercise per week -0.008 -0.001 0.049 0.002
Father’s days of exercise per week 0.088 0.007 -0.015 -0.0005
Mother’s average hours worked per week 0.005 0.0004 -0.029 -0.0009
Father’s average hours worked per week 0.026 0.002 -0.012 -0.0004
% completed Year 12 in neighbourhood 0.012 0.0009 0.022 0.0007
% speak English in neighbourhood -0.000 -.000005 **0.007 0.0002
Neighbourhood facilities ***0.008 0.0006 *0.005 0.0002
Time trend (wave) *-1.201 -0.091 -0.555 -0.017
Wave×income per adult-equivalent *0.127 0.01 0.060 0.002
Constant **-1.583 1.262 ***-2.473
σu ***0.556 0.210 ***0.488
Number of observations 5552 6276
BIC 2623 1892
AIC 2411 1676
Log-Likelihood -1173 -806

Note: 1Significant levels: 1% = ***; 5%= **; 10%= *

All three specifications also show that σu is significant, suggesting that unobserved individual effects

follow a random distribution with zero means and non-zero variances.
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The effects of the remaining determinants on the probability of child obesity differ considerably within

three specifications. For example, age of the child has no significant effects on obesity when BMI is selected,

but the probability of being obese decreased with age when weight-for-age is selected or increase with age

when self-reported obesity status is selected. The effects of high sugar drinks and time watching TV still

have positive signs but no longer significant. The effects of neighbourhood facilities, in contrast, become

significant and have expected positive signs: children in neighbourhood with poor infrastructure have signif-

icantly higher probability of being obese. The time trend and its interaction with income only significant at

10 per cent when child obesity is measured as those with the weight-for-age score at 95th percentile or higher.

Overall, the results remain mostly consistent when alternative measures of obesity are selected but model

selection criteria (e.g., BIC, AIC and log-likelihood) suggest that the BMI-based specification in Table 2 is

preferred.

Conclusions

The focus of this paper has been an examination of the dynamic nature of childhood obesity and the effect of

household income on child obesity. We find a strong evidence of dynamic nature of child obesity: a child’s

current obesity is highly correlated with his/her previous obesity status. For example, being obese in the pre-

vious period has a 20.6% higher probability of being obese in the subsequent period. Our results also show

that the incidence of child obesity in Australia is higher among poor households when a basic set of covari-

ates are controlled for and the evolution of human health capital proposed by Grossman (1972) and Cunha

& Heckman (2007) is ignored. Our research also reveals a strong correlation between child and parental

obesity. Shared genetics and environmental factors may contribute to this family- or household-based clus-

tering of obesity. However, it is not possible to disentangle these two influences. Our research suggests

that the consumption of drinks with a high sugar content and TV viewing are also positively associated with

childhood obesity in this sample. Interestingly, after controlling for individual unobserved heterogeneity, we

find that household income is no longer a significant determinant of child obesity in this sample.

Understanding the dynamics that affect childhood obesity is important for formulating appropriate public

policy to mitigate this pervasive health problem. The most significant policy implications that stem from our
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research, are the promotion and increased awareness among parents of the relationship between their own

consumption decisions and health outcomes (or risk factors) and the healthy development of their children.

The creation of such awareness may play an important role in reducing the intergenerational transmission of

obesity and its sequelae.
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