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Objective: To develop a generalized estimating equation (GEE) model of childhood injury rates to quantify
the effectiveness of a community-based injury prevention program implemented in 2 communities in
Australia, in order to contribute to the discussion of community-based injury prevention program evaluation.
Design: An ecological study was conducted comparing injury rates in two intervention communities in rural
and remote Queensland, Australia, with those of 16 control regions. A model of childhood injury was built
using hospitalization injury rate data from 1 July 1991 to 30 June 2005 and 16 social variables. The model
was built using GEE analysis and was used to estimate parameters and to test the effectiveness of the
intervention.
Results: When social variables were controlled for, the intervention was associated with a decrease of 0.09
injuries/10 000 children aged 0–4 years (95% CI 20.29 to 0.11) in logarithmically transformed injury rates;
however, this decrease was not significant (p = 0.36).
Conclusions: The evaluation methods proposed in this study provide a way of determining the effectiveness of
a community-based injury prevention program while considering the effect of baseline differences and
secular changes in social variables.

E
pidemiology has evolved in conjunction with the study of
infectious diseases.1 Examining ecologic factors was crucial
to controlling infectious diseases. In developed countries,

infectious disease-related morbidity and mortality have
decreased concomitantly with an increase in the burden of
chronic diseases, including injuries. Consequently, there has
been diminished emphasis on ecologic risk factors for disease
and increased focus on the contribution of individual risk
factors.2 3 Contemporary epidemiology recognizes the role of
macrolevel physical and social determinants in injury aetiology,
and the ecologic approach has become more common.4 5 The
ecologic approach underpins the community-based model of
injury prevention.6

The rationale for community-based injury prevention pro-
grams is drawn from the social science theories of community
development and community participation. The community-
based approach recognizes that ‘‘behaviors occur in multiple
contexts, from microsystems to macrosystems and even
ecosystems that individuals do not enter have a profound
effect on their behavior’’.7 In essence, the model adopts an
ecologic approach, where the potential to change an indivi-
dual’s risk behavior is considered within a social and cultural
context.8

Despite global implementation of the community-based
model, particularly by the World Health Organization Safe
Communities program, few evaluations demonstrate the effec-
tiveness of the model in reducing injuries.9 10 Evaluations are
limited by inadequate evaluation time frames, the absence or
inappropriate selection of community controls, and failure to
match the evaluation approach with the ecologic nature of the
community-based model.11 Evaluations may also be limited by
the analytic techniques used. Many studies have used linear
regression or similar techniques, which do not accommodate
the effect of clustering. A further restriction of community-
based injury prevention programs is their limited statistical
power.

Individuals are nested within communities and tend to be
similar to each other, rather than to individuals within other
communities.12 Unless within-cluster correlation is statistically
accounted for, the SEs of parameter estimates of the model will
be underestimated, exaggerating the significance of the
estimates.13 14

The number of intervention and control communities in a
prevention program, the number of people within those
communities, and the variability of the outcome measure are
crucial determinants of the study’s power to detect statistically
significant program-related changes in outcome.15 The number
of communities constrains the sample size because of the effect
of the within-cluster correlation coefficient.14 Increasing the
sample size per community confers a smaller increase in
statistical power than that achieved by increasing the number
of participating communities. Inclusion of additional interven-
tion communities, however, does not assist in estimating the
counterfactual injury rates in the study community, and may
often not be feasible for ethical, logistic or financial reasons.
The most practical option for improving power is to increase the
number of control communities.

Generalized estimating equation (GEE) analysis is an
analytic technique for longitudinal data that accommodates
within-cluster correlation and enables analyses of multiple
control communities, by adding a correlation matrix to a base
regression model. The matrix estimates the within-community
correlations between measures at different time points over the
study period.16 GEE analysis has been successfully used in
evaluations of community-based substance misuse prevention
programs,13 and may be useful to redress some limitations of
community-based injury prevention program evaluation.

Abbreviations: ARIA, Accessibility/Remoteness Index of Australia; GEE,
generalized estimating equation; MSE, mean squared error
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We aimed to develop a GEE model of childhood injury rates
to quantify the effectiveness of a community-based injury
prevention program implemented in two communities.

METHODS
Study design
Evaluation of a community-based injury prevention program
was undertaken. The prevention programs were implemented
in two intervention communities in rural and remote
Queensland. Intervention communities were selected by pro-
gram funders because of their high childhood injury rates.
Table 1 summarizes the properties of the intervention commu-
nities. The program aimed to reduce injury-associated falls,
burns/scalds, poisonings and drowning-related mortality in 0–
4-year olds over a 4-year period. Programs were conducted
according to the World Health Organization Safe Communities
criteria.17 The programs were initiated in February 2003, and
concluded in February 2007. Approval was granted by the
relevant University of Queensland Ethics Committee.

Data sources and variable construction
Injury outcome data
The model used hospitalization injury rate data from 1 July
1991 to 30 June 2005. The numerator comprised all 0–4-year-
old patients admitted to hospital with an external cause of
injury. Injuries were coded using the International classifica-
tion of disease, clinical modifications criteria, revisions ICD 9-
CM and ICD 10-CM.19 20 Data were extracted from the
Queensland Health Admitted Patients Data Collection and
Queensland Morbidity and Mortality System databases, and
were supplied at Healthwiz area level. Healthwiz areas are

groupings of ‘‘statistical local areas’’ with populations of
approximately 10 000 people.21 We further aggregated
Healthwiz areas to form 18 regions congruent with the
Australian Standard Geographical Classifications used by the
Australian Bureau of Statistics.21 The intervention communities
corresponded to 2 of the 18 regions, and the remaining 16
regions were deemed control regions.

The denominator population was all 0–4-year olds living in
Queensland between 1991 and 2004. Data were drawn from the
Australian Census of Population and Housing. Data were
available for census years only (1991, 1996 and 2001);
therefore, the denominator in non-census years was estimated
using linear interpolation. Data for financial years 2002–2004
were extrapolated from 2001 census data using a linear
assumption. Data were aggregated into the 18 regions for
which numerator data were available. Figure 1 shows the
patterns of all childhood injuries in intervention and control
communities for 1991–2004.

Social variables
Social variables were constructed using 1991, 1996 and 2001
census data. Sixteen variables whose association with general
health outcomes has been described as important in the
scientific literature were derived from the census data
(table 2). Fourteen variables were expressed as regional
proportions. Two categorical social variables were constructed:
income and socioeconomic status. Linear interpolation and
extrapolation were necessary.

Developing a model of childhood injury rates
All analysis and modelling used Stata V8.0, and a= 0.05 was
used to define statistical significance. The model was built
using GEE analysis22 and was used to estimate parameters and
to test for intervention effectiveness. Correlation between
yearly observations was examined by region, and an appro-
priate correlation structure (exchangeable) was specified. The
Huber–White sandwich variance estimation technique was
used to calculate SEs and CIs.23 24 Regression diagnostics and
residual checks were undertaken to identify violations of model
assumptions. Transformation of injury rate data was necessary
to ensure that residuals met the normal assumption. Linear and
higher-order time variables were related to regional injury rates
and tested. Time was taken as years since baseline (1991). A
measure of regional rurality (Accessibility/Remoteness Index of
Australia (ARIA+) score) was included in the base model of
childhood injury rates, along with time.25 ARIA+ scores were
continuous and ranged from 0 to 15, with higher scores
indicative of greater remoteness.18 Each social variable and time
interaction was separately added to the baseline model. Only
variables significant in crude analyses were considered for the
full multivariate model. Both backward elimination and
forward selection of the variables identified in the crude
analysis (each using an entry and exit significance level of 5%)
were used to derive the most parsimonious multivariate model.
To improve model convergence, stability and interpretation,
colinearity between related variables was assessed using a
correlation matrix and examining the magnitude of correlation
coefficients between variables. Decisions to remove collinear
variables were based on the variability (mean squared error
(MSE)) explained by each factor. Interactions that literature
identified as important (eg, interaction between indigenous
status and remoteness) were also assessed for significance. The
effect of the community-based injury prevention programs was
tested by including a binary variable ‘‘intervention’’, where a
value of 0 was assigned to the control communities and the
study communities in the non-intervention years, and a value

Table 1 Demographic characteristics of the intervention
and control communities

Characteristic
Intervention
community 1

Intervention
community 2

Region North–west Mackay
ARIA+ score* 11.47 2.23
ARIA+ classification* Remote Inner regional
Population size 20 648 78 352
Median age (years) 30 34
Proportion male 0.53 0.49
Proportion indigenous 0.13 0.04

*Accessibility/Remoteness Index of Australia (ARIA+) scores are the
standard classification for rurality and remoteness in Australia.18

Figure 1 Childhood injury rates in intervention and control communities,
1991–2004.
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of 1 was assigned to study communities for the post-
implementation years.

RESULTS
Baseline model
First- and second-order time variables and rurality (ARIA+

scores) were significantly related to childhood injury rates;
however, residual checks revealed important skewness (0.92)
which subsequent logarithmic transformation removed.
Pursuant GEE modeling was undertaken on logarithmically
transformed injury rate data. Figure 2 shows the transformed
injury rates over time by region. The exchangeable matrix more
closely resembled the estimated values of the unstructured
matrix and had the lowest MSE (0.0450) compared with the

AR1 matrix (MSE = 0.0453), and was used for the remaining
analyses.

Crude analyses
In crude analyses, five social variables were found to be
significantly related to childhood injury and were hence
candidates for the multivariate model development (table 3).

Multivariate analyses
Two variables were found to be significant in crude analyses
(marital status and single-parent status), with r = 20.41.
Single-parent status was removed because it explained less of
the variability in injuries than marital status. The remaining
four significant variables and their time interactions (eight

Table 2 Construction of social variables

Variable label Variable composition

Age

Sex

Indigenous

Birthplace

Marital status

Language

Religion

Education

Unemployment

Occupation

Families with children

Single-parent families

Unoccupied dwellings

Housing tenure
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variables) were investigated. Both backward elimination and
forward selection strategies yielded the same most parsimo-
nious model (table 4). Serial correlation between successive
yearly observations for each site was estimated at r = 0.43. In
this model, distribution of the residuals of the logarithmically
transformed childhood injury rates was not significantly
different from the normal. There was a moderately strong
interaction between indigenous status and ARIA+ score
(r = 0.77); however, this was not significantly associated with
childhood injury rates at the univariate level (p = 0.06), nor did
it alter the magnitude or direction of association of other

variables, and hence was removed from the backward elimina-
tion model.

Intervention effectiveness test
The intervention was associated with an estimated reduction of
0.09 injuries/10 000 children aged 0–4 years (95% CI 20.29 to
0.11) in logarithmically transformed injury rates; however, it
was not significant (p = 0.36).

DISCUSSION
This study demonstrates that the consideration of the effect of
changes in social variables can be integrated into program
evaluation, and that social variables can be controlled when
testing the effectiveness of community-based injury prevention
programs. The modeling processes presented are not in
themselves new; however, their application to community-
based injury prevention program evaluation is considered to be
so.

The model indicated that the effects of the prevention
program were not significantly associated with childhood
injuries. The lack of measured effect may be due to implemen-
tation of an ineffective prevention program, or the relatively
short time frame of post-intervention data collection. The
program encouraged individual behavior modifications that
invoke changes to outcome measures—a process that requires
considerable time.26 The lack of observed changes may be due to
an insufficient evaluation time frame.

This evaluation used injury hospitalizations as its outcome
measure. Despite their convenience for use in program
evaluation, injury rates are subject to measurement errors
and response biases, and are influenced by variations in
hospitalization and admission policies. These deficiencies have
led to the suggestion that other outcome measures, such as

Figure 2 Spaghetti plot of logarithmically transformed childhood injury
rate data over time, together with Lowess curve.

Table 3 Crude relationship among social variables, time and logarithmically transformed
childhood injury rates, adjusted for time components and rurality

Variable Coefficient (95% CI) p Value

Age 20.20 (22.64 to 2.24) 0.87
Age6time 20.04 (20.18 to 0.11) 0.63
Birth place 1.41 (20.17 to 3.00) 0.08
Birth place6time 20.04 (20.15 to 0.06) 0.42
Unoccupied dwellings 21.49 (23.68 to 0.69) 0.18
Unoccupied dwellings6time 20.16 (20.37 to 0.05) 0.15
Education 1.77 (20.32 to 3.86) 0.10
Education6time 0.13 (0.01 to 0.25) 0.03
Family with children 0.54 (21.24 to 2.33) 0.55
Family with children6time 20.06 (20.22 to 0.10) 0.48
Single-parent family 23.21 (29.35 to 2.93) 0.31
Single-parent family6time 20.61 (21.00 to 20.24) 0.003
Indigenous 21.96 (24.12 to 0.19) 0.07
Indigenous6time 20.23 (20.43 to 20.04) 0.02
English language 1.58 (20.64 to 3.80) 0.16
English language6time 0.07 (20.13 to 0.28) 0.49
Marital status 2.62 (1.22 to 4.03) ,0.001
Marital status6time 0.01 (20.26 to 0.28) 0.95
Occupation 1.01 (21.22 to 3.26) 0.37
Occupation6time 0.03 (0.16 to 0.21) 0.77
Religion 3.30 (0.21, 6.39) 0.04
Religion6time 0.14 (20.08 to 0.36) 0.22
Housing tenure 1.16 (20.40 to 2.73) 0.15
Housing tenure6time 0.09 (20.85 to 0.24) 0.20
Male sex 3.21 (25.50 to 11.92) 0.47
Male sex6time 20.10 (20.65 to 0.45) 0.72
Unemployment 0.60 (22.02 to 3.23) 0.65
Unemployment6time 20.09 (20.30 to 0.11) 0.37
Median income 29.8E-5 (26.6E-4 to 4.8E-4) 0.74
Median income6time 2.0E-5 (22.2E-5 to 6.3E-5) 0.34
Income category 20.03 (20.09 to 0.02) 0.24
Income category6time 4.9E-3 (22.1E-3 to 0.01) 0.17
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community-level indicators, are more appropriate and sensitive
outcome measures.27 28

There is some indication that the model could be improved if
more specific data could be made available. The model found
that childhood injuries increase by 2.69/10 000 children aged
024 years, as the proportion of married people increased. Other
studies have reported lower injury rates for children who live
with both biological parents.29 It is possible that the positive
association between childhood injury rates and the proportion
of married couples demonstrated at the community level in this
model may be because married couples are more likely to have
more children.

This model describes a negative association between both the
indigenous status and the indigenous status/time variable.
Deaths from injury in indigenous Australians occur at 2.8 times
the rate in non-indigenous Australians,30 hence the negative
association described in this model was unanticipated. A
possible explanation may be that the predominant causes of
injury-related mortality in indigenous Australians are transport
accidents and suicide, which are not typical causes of death for
024-year olds. The direction of association may be different in
this younger population. Secondly, the correlation between
ARIA+ score and indigenous status was high (r = 0.77),
although not significant, in the final multivariate model. As a
group, indigenous Australians are less likely to report childhood
injuries, and as many indigenous Australians live in remote
settings, their ability to access medical services may be reduced.
Further investigation is hence warranted.

Factors such as social capital,31 income inequality32 and
neighborhood physical environment33 have important relation-
ships with general health outcomes, including cancer, cardio-
vascular disease and intentional injuries. Such variables could
not be derived for this study. The social variables were derived
by aggregating individual-level census data and are therefore
subject to the ecologic fallacy.2 In addition, the social variables
were constructed after an extensive literature review. It is
possible that other variables may be more relevant to childhood
injury, and may alter the model if included. Research on the
ways to measure and collect data for these and other social
variables is required.

The strength of this paper is not in providing a definitive list
of social variables associated with childhood injuries, but in
demonstrating that such associations exist and should be
considered during community-based injury prevention evalua-
tion. In this context, the proposed model has several
advantages. Firstly, use of GEE analysis permits clustered data
to be statistically accommodated.16 Secondly, examination of
the study variables at baseline as well as changes in these
variables over time is possible. Theoretically, both the baseline
level of social variables and the magnitude of their changes may
be important for injury outcomes.

Although our GEE model had advantages over the traditional
two-community trial in terms of increased statistical power, the

issue of sample size remained problematic. Algebraically
manipulating sample size formulae34 and use of empirical
estimates derived from this study, by post hoc calculations our
study had 33% power to detect a significant change at the
a= 5% level. Increasing the post-evaluation period from 2 to
3 years would increase the power of the study to 37%. The
mean difference in logarithmically transformed childhood
injury rates would need to decrease from 20.09 to 20.17
before 80% power to detect a significant change at a= 5%
would be attained for the 18 regions, of which two were
intervention communities.

GEE methods were chosen because of their versatility,
interpretability, ability to adequately model longitudinal
clustered data, and appropriateness for health research.
Methods including mixed-effect modeling, time-lag models,
autoregressive models, and hierarchical Bayesian models may
be useful for longitudinal data analysis.34–36 The hierarchical
Bayesian approach may be particularly suitable, owing to its
ability to model naturally occurring hierarchical structures and
clusters, together with its capacity to easily incorporate
pertinent auxiliary information into the analysis.35 Using these
methods to further explore the effect of community-based
programs on injury outcomes when controlling for social
variables is warranted.

CONCLUSIONS
While methodologically limited, the model demonstrates that
social variables are significantly associated with childhood
injury rates, but are not adequately controlled for using the
control community method of program evaluation. This study
demonstrates the need to develop robust evaluation measures
for social variables to further quantify their role in community-
based prevention. The evaluation methods illustrated in this
study provide an exemplar of a method to account for the effect
of baseline differences and secular changes in social variables
when considering the effectiveness of community-based injury
prevention programs.
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What this paper adds

This paper adds to the suite of methods currently available for
the evaluation of community-based injury prevention pro-
grams. The proposed methods can increase the evidence base
to support the effectiveness of the community-based model of
prevention.

Policy implications

Enhancing the quality of community-based program evaluation
methods means that policies implemented for prevention of
chronic diseases and injury can be based on stronger evidence.
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