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Executive summary
The purpose of this technical report was to investigate the consequences of the clustered
design of the LSIC study for analysis and results using the data. There were two core goals of
this paper:
1) To investigate which statistical approaches are the most appropriate for adjusting for
clustering, and
2) To compare and contrast three different measures of geographic clustering
The Footprints in Time Longitudinal Study of Indigenous Children (LSIC) is a national panel
study that used a two-stage approach, the first stage involved the selection of areas and the
second involved the selection of Indigenous children within those areas. The probability of being
selected for participation in the study was not random across the total Indigenous population of
Australia, but rather clustered within the 11 geographic sites selected for sampling. Neither were
families and children selected randomly from within a cluster.
The use of cluster sampling in the LSIC can lead to underestimating the standard errors and
miss-estimating the coefficients from results of statistical analysis. This is because there tend to
be greater similarities on many characteristics between respondents of the same geographical
sub-unit than between independently selected members of the total population.
Three measures could potentially be made available to LSIC users to account for geographic
clustering in their analysis: site, Indigenous Area and Indigenous Region.
A range of approaches to dealing with the clustering of the LSIC data were explored using
statistical techniques such as estimating robust standard errors, random effects and multi-level
modelling. Note the latter two approaches are almost identical and involve specifying a random
intercept for geographic clustering. These approaches were tested with a continuous outcome
and a binary outcome and for site Indigenous Area and Indigenous Region.
The results suggest that there are strong survey design effects in LSIC, with between 14% and
28% of model variance attributable to differences between areas. Note that this may change
with different samples, outcomes and covariates. Nevertheless, this further suggests the
importance of taking into account the clustered design of the LSIC study when analysing data.
Of the three statistical approaches tested for adjusting for clustering, the robust standard error
approach was the least effective. The clustered design of LSIC had implications for calculations
of both the estimates and the standard errors, but estimating a robust standard error only
adjusts the standard error and not the estimate. This approach also assumes that observations
within clusters are selected randomly and with the LSIC study this is not the case. Thus the two
approaches using random intercepts, random effects and multilevel models are preferable.
Of the three measures Indigenous Area performed the best in the examples provided here, but
there were some notable limitations associated with the use of this measure that need to be
taken into consideration when analysing LSIC data. It should also be noted that this may differ
for other analysis using different outcomes and covariates.
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Introduction: What is complex survey design?
Many standard statistical techniques used for the analysis of social data assume that the data
has been obtained from a simple random sample of the population of interest, in which each
individual in the population will have exactly the same probability of being chosen in the sample
selection process. This goes someway to ensuring that the data is representative of the
population if the sample is large enough to allow good coverage of the population in terms of the
spread across individual characteristics and geographical location. In practical survey research
it is rarely possible to emulate a simple random sample and other types of sampling procedures
are regularly employed that require making adjustments to the required estimates and their
standard errors computed from the data.
Two common types of sampling procedures that may be considered separately or together in a
multistage approach are stratified random sampling and cluster sampling. In stratified random
sampling the population is first divided into strata, which may be defined by homogenous groups
of people in terms of similar characteristics or by location, and then a random sample of the
population is taken from each stratum to ensure representative coverage across all groups of
people in the population. In a multistage approach, a random sample of strata may first be
selected from all strata in the population, and then at the second stage, a random sample of
households, or individuals, are selected from within the selected strata. The number of
individuals sampled from within a stratum may be determined based on proportional allocation
relative to the total population size, or it may be desirable to oversample from some strata if the
homogeneous characteristics of the group or location are of particular interest, for example,
particular outcomes may be of more interest for people in low socioeconomic areas. Cluster
sampling is also common in survey research. This is where particular strata or locations are first
selected and then a selection of individuals within the cluster is sampled. The groups in which
all individuals are sampled, form the clusters.
For surveys in which a stratified or clustered sampling approach is used, any quantities
estimated, as well as their standard errors, must be adjusted to provide unbiased estimates for
the population. The focus of this research report is to discuss the implications of the clustered
design of the Longitudinal Study of Indigenous Children for analysis of the data.
A multistage stratified and clustered selection of sample units is almost always used in national
surveys, as survey designs that do not include some type of local grouping or clustering are
often impractical and expensive to implement. An example of a clustered design would be
where researchers are conducting a study on school students, but it is only possible to
approach school students by going to particular schools. Schools would first be selected as
clusters of interest, and then students are chosen from within each sampled school. In this case
schools are the survey’s primary sampling units even though students may be the units of
interest in the analysis. Clustering in this way has implications for analysis that wants to make
population inferences from the results of the analysis.
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LSIC study design
The Footprints in Time Longitudinal Study of Indigenous Children (LSIC) is a national panel
study that uses a multi-stage clustered survey design. In Wave 1 (2008), the first stage of
sampling involved the selection of 11 sites (or clusters) across Australia with locations ranging
from very remote communities to major capital cities. The sites were purposively selected to be
representative of the socioeconomic and community environments where Indigenous or
Aboriginal and Torres Strait Islander children lived. These specific environments, where
Indigenous populations are concentrated are of interest, not all environments across Australia,
and this is one of the key reasons for taking a clustered approach to survey design rather than
stratifying.
From within these sites a non-representative purposive sampling design was implemented from
which all eligible families were approached and voluntary consent was obtained. In total 1,670
Indigenous children and their families were sampled, and between 64 and 239 study children
and their families were surveyed in each area [1]. Thus, the survey design involved a two-stage
approach, the first stage involved the selection of areas and the second involved the selection of
Indigenous children within those areas. In short, the probability of being selected for
participation in the study was not random across the total Indigenous population of Australia, but
rather clustered within the 11 sites selected for sampling. Neither were families and children
selected randomly from within a cluster.
Table 1:

Selected sites and number of families sampled within sites in LSIC wave 1

Site
Number

Stage 1: sites selected for sampling

1

The Northern Territory Top End including Darwin,
Katherine and Galiwin’ku;
South East Queensland, including Brisbane, Gold Coast
and Toowoomba;
South Coast of New South Wales;
Mt Isa, Mornington, Doomadgee and Normanton;
Western Sydney;
Dubbo;
Greater Shepparton, including Wangaratta, Seymour and
Bendigo;
Torres Strait and Northern Peninsula Area;
Kimberley region including Derby, Fitzroy Crossing and
Broome;
Adelaide, including Port Augusta; and,
Alice Springs, including Hermannsburg.
Total

2
3
4
5
6
7
8
9
10
11

Stage 2: % of study
number of population
families
239
14.2
211

12.5

175
172
163
156
143

10.4
10.2
9.7
9.2
8.5

132
126

7.8
7.5

106
64
1,687

6.3
3.7
100

Source: Department of Families, Housing, Community Services and Indigenous Affairs (2009)[1].
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Implications of the LSIC study design for analysis and results
The use of cluster sampling in the LSIC can lead to underestimation of quantities and their
standard errors arising from the results of statistical analyses. This is because there tends to be
greater similarities on many characteristics (such as housing, income, employment, child care,
health care to name a few) for respondents of the same geographical sub-unit than between
independently selected members of the total population. For example, access to salaried jobs
is likely to be better in urban areas than remote or very remote areas. Thus, in relation to the
LSIC families, access to salaried jobs is likely to be better on average in Adelaide than in the
Kimberley region. This type of clustering underestimates the true population variation that we
would see using a random sampling approach. Although, it should be noted, that obtaining
accurate population estimates was not necessarily the intention of the study. Underestimating
true population variance for a quantity of interest typically results in an underestimation of the
standard error of the estimated value. Because standard errors affect the size of test statistics
and hence the conclusion from a statistical hypothesis test, the smaller standard error for an
estimate derived from clustered data, compared with an estimate derived from a random
population sample, will be associated with a greater likelihood of finding a significant result or
effect when none exists. Thus the conclusions drawn from an analysis that does not take these
complex survey design features into account may be inaccurate and misleading.

Approaches and methods for adjusting for clustered survey design
In this section a range of approaches to dealing with the clustering of the LSIC data are
explored using statistical techniques such as estimating robust standard errors, random
intercept and multi-level modelling, which are available in Stata.
Methods
Two examples of the implications of the clustered design of LSIC for investigating possible
outcomes of interest are developed over the next two sections. The first example examines a
dependent variable that has a continuous level of measurement, specifically the housing
stability of all LSIC study children. The analysis sample used excludes respondents with
missing information on the dependent (n = 60) and independent variables (n = 25) with a final
analytic sample of 1,592 study children.
The second example examines a dependent variable with a dichotomous level of measurement,
the preschool attendance of LSIC study children who are aged 4 years and older at Wave 1 and
who are not attending prepatory classes (Prep), kindergarten or primary school (n = 377). The
sample was limited to children aged 4 and older as this is the age is most states and territories
that children are eligible to attend preschool[2]. Thus, for this analysis all children come from
the Child cohort. An additional 13 Study children were excluded from the analysis because they
had missing data on key independent variables. The final analytic sample for this analysis
comprised 364 study children.
Dependent variables
The first dependent variable is the number of months that the primary carer of the study child
has lived in their current dwelling. This is included in the models as a continuous measure.
3

The second dependent variable, Preschool attendance, is a measure coded 1 if the child is
attending preschool and 0 if they are not. This measure was derived from two questions. First,
primary carers were asked if the study child attended preschool, kindergarten or year 1 in
school (aace2), and then they were asked if the study child was attending a preschool program
(aace3). In addition, primary carers whose children were not in formal preschool programs were
asked whether the study child attended a day care centre that provided a preschool program
(aace7). Thus the measure here indicates whether the 4 year old child is attending a preschool
program in a school, mobile preschool or at a non-school day care centre. The mean of
housing tenure and percentage of study children attending preschool are presented in Table 2.
Table 2:

Descriptive statistics for dependent variables and income measures for
total sample

Housing Tenure

Dependent variables:
Months in current house
Attending preschool (1 = yes)

Mean/Per cent

SD

50.16

56.8

Pre-school
attendance
Per cent

51.37

Income measures:
Low Income
Medium Income
Medium-High income
High Income
Missing

23.05
36.87
22.17
13.19
4.71

25.55
33.24
20.33
16.76
4.12

Wages main source of income (1 = yes)

41.96

46.43

Government Benefits main source of
income (1 = yes)
N

69.85

64.03

1,592

364

Independent variables
To investigate the extent to which the coefficients1 and their standard errors change with
different adjustments for clustering, three measures of income are included in the models. First
we include a measure of income which is the income measure recoded into quartiles with 1 =
low income (reference); 2 = medium income; 3 = med-high income and 4 = high income, the
final category is for missing values 5 = missing. We also include two measures of the main
source of household income: one indicating that wages are the main source, and one indicating
that government benefits are the main source, coded 1 = Yes with a reference of 0 = No. These
1

Given that regression models are being used to assess the association between the dependent
variables and selected independent variables, the coefficients here refer to partial regression coefficients.
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questions regarding main source of household income are not mutually exclusive and 96
respondents indicated that both wages and benefits are main sources of household income.
The means and percentages of the variables included in the analysis of housing tenure and preschool attendance are presented in Table 2.
Geographic measures and LSIC
The only measure of geographic area available with the general release of LSIC is the Level of
Relative Isolation (LORI) classification. This is an indicator based on geocoding of the home
address of participants. The measure has been used in the Western Australian Aboriginal Child
Health Survey (WAACHS), and is based on an extension of the 18-point ARIA
(Accessibility/Remoteness Index of Australia) called ARIA++. Five categories of isolation have
been defined, ranging from 1= “None” (e.g. the Brisbane metropolitan area); 2 = “Low” (e.g.,
Shepparton); 3 = “Moderate” (e.g, Derby), 4 = “High” (e.g., Doomadgee); and 5 = “Extreme”
(e.g. Moa Island). Currently this measure provides no capacity at all to adjust for the clustered
design of the LSIC study.
More detailed geographic data are not made publicly available with LSIC. There are two
primary concerns underpinning this. First, the provision of geographic data may compromise
the anonymity of respondents. Some sites had relatively small numbers of families who
participated in the study and these families may be more easily identified. Second, the
provision of geographic data also increases the chance that areas or regions may be
stigmatized based on area differences in outcomes for children. These concerns, however,
need to be balanced by the ability to provide accurate estimates of social phenomena that can
be generalisable to the Indigenous population more broadly.
There are three measures that could potentially be made available to LSIC users that will
provide them with the ability to account for geographic clustering of the study design when
modelling the data: site, Indigenous Area and Indigenous Region.
1)

The first is a measure of the eleven sites that were selected to draw the sample of
families (Table 1). This is the most “true” representation of study design as these sites
were the geographic clusters from which the study children were selected for
participation in Wave 1.

2)

The second is a measure of Indigenous Area (IARE). This measure is an ABS measure
that identifies medium sized geographic units [3]. This measure covers smaller
geographic areas than site. There are a total of 429 Indigenous Areas in Australia, with
141 Indigenous Areas represented in LSIC. The number of families within Indigenous
Areas ranged from 1 to 112 families in each area (although note with the more restricted
sample of children only for the preschool analysis there were 99 Indigenous Areas
represented). It should be noted that site is not an exact aggregate of Indigenous Area
(i.e. sites were not selected based around Indigenous Areas) and there are some
inconsistencies between the boundaries of some sites and the coverage of Indigenous
Areas.
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3)

The third is a measure of Indigenous Region (IREG). Indigenous Region is an
Australian Bureau of Statistics derived measure that is an indicator of large geographical
units loosely based on the former Aboriginal and Torres Strait Islander Commission
boundaries [3]. They are created by aggregating one or more Indigenous Areas. The
greater population of IREGs enables the highest level of granularity of attribute data
through greater cross classification of variables compared with IAREs. For the 2011
Census 57 IREGs are defined to cover the whole of geographic Australia. IREGs do not
cross State and Territory borders. There are a total of 25 Indigenous Regions
represented in the LSIC data. The number of observations (i.e. study children) in each
Region ranges from 1 to 186 in the full sample (i.e. the housing tenure models using
1,592 of the LSIC study children). In the more restricted sample there are 20 Indigenous
Regions represented with the number of observations ranging from 1 to 51 in each
Indigenous Region.

.
Modelling approaches to adjusting for clustering
The first dependent variable, months in current dwelling, was a continuous measure, and
therefore a series of ordinary least squares (OLS) regression models were estimated for that
outcome. Given that the second dependent variable, preschool attendance or not, was a
dichotomous measure, a series of logistic regression models were estimated. Four Models are
estimated for each outcome, each offering alternative options for accounting for and
understanding the implications of the clustered survey design. In addition, the modelling
strategy compares and contrasts the results between using the site and Indigenous Area as
measures for geographic clustering [4]. All analysis were undertaken using Stata 11.2 [2].
Model 1:

Baseline models (using OLS regression or Logistic regression models) with no
adjustment for clustering were estimated to show the size of the coefficients and
their standard errors when the survey design is not taken into account.

Model 2:

Models are adjusted for clustering using a regression option (available with both
regress and logit) for estimating robust standard errors in Stata: vce(cluster
varname) [3] . Using this approach the size of the coefficients remain consistent,
but the standard errors are adjusted to take into account the clustered nature of
the data.

Model 3:

Using the xtreg and xtlogit command in Stata the models are estimated with a
random effect on the measure for geographic clustering (i.e. site or Indigenous
Area). These models are also known as random intercept models. Note data
need to be xtset in Stata before this command can be used.

Model 4:

Finally, a multilevel modelling approach is used to account for the clustering of
individuals within geographic area. In the current analysis, a simple multilevel
model where a random intercept for geographic clustering is specified. Multilevel
modelling can be done using the xtmixed (for OLS regression) and xtmelogit
(for logistic regression) commands in Stata [3]. The main difference between the
6

multilevel and a random effects approach is that multi-level modelling allows a
random effect to be applied to model covariates (this is referred to as a random
slope), but this is beyond the scope of the current report.
Essentially, in the current analysis both the random effect (Model 3) and multilevel model
(Model 4) apply a random intercept to geographic clustering which adjusts the coefficients and
standard errors for within cluster variance (i.e. taking into account that people in the same
geographic cluster will be more alike than those in other clusters). Thus, even though the
estimation procedures for each approach are slightly different, we would expect identical, or
almost identical, results for models 3 and 4 as they are very similar models.
Each approach outlined above has a number of associated assumptions and limitations[4]. The
approach used in Model 2, the robust clustered standard errors, is the most straight forward and
simple way to account for clustering with the data. Simply stated this is a method for inflating
the standard errors [5]. This method of correcting the standard errors to account for clustering
is a “weaker” form of correction than using a multilevel model approach found in Models 3 and
4. In addition this approach assumes that the children within the clusters were randomly
selected, which in the LSIC study is not the case. Both the random effects and multilevel
modelling approaches also correct the denominator degrees of freedom for the number of
clusters. Thus, in these latter approaches variability in the predictors and residuals is removed
and the point estimates are different than those obtained using a robust standard error[4]. Put
simply, for the random effects and multilevel modelling approaches both the parameter
estimates and standard errors are adjusted for clustering. In contrast, the robust standard error
approach only adjusts the standard errors. Freedman [6], notes that if the parameter estimates
are not correct there is little point in adjusting the standard errors.
All of these techniques or approaches used make some assumptions about the sample size,
both in terms of the number of clusters (i.e. the geographic areas) in the sample and the number
of observations within those clusters (i.e. the study children nested within those areas) [4, 7-9].
In relation to the robust standard errors in Model 2, research suggests that a minimum of 50
clusters are required for the standard errors to converge [4, 7]. Similarly, research into the
accuracy of the parameter estimates and standard errors using random intercepts (i.e. either
through the random effect model or multilevel modelling) also indicates that at least 50 clusters
are ideal with an average of 10 observations in each cluster [8, 9].
Finally, the current study compares and contrasts three different geographic measures for
adjusting for clustering in the Longitudinal Study of Indigenous Children. A major consideration
when investigating multiple measures for geographic clustering is the scale problem related to
the Modifiable Areal Unit Problem (MAUP) [10-13]. This “problem” refers to the fact that
conclusions based on data aggregated in a particular way may change if the same underlying
data were aggregated differently. The implications of this for the present study are that the
research results are dependent on the unit level at which the clustering of the data is measured
(i.e. site, Indigenous Area or Indigenous Region). Thus when the unit of clustering is changed
the nature of observations within that cluster change and therefore the results and inferences
drawn from the data may also change.
7

Results: Site
In the first set of analysis the site measure is examined. The results are presented in Table 3.
For each variable in the model, the unstandardised coefficient is presented in the first row and
the standard errors are presented in brackets underneath. Model 1 is the baseline model with
no adjustment for geographic clustering. In Model 2 the standard errors are adjusted for
clustering using a robust standard error. In this model the parameter estimates remain the
same as in Model 1, however the standard errors change. The changes in the standard errors
are not uniform. For some coefficients the standard errors increase (medium-high income,
missing income, government benefits) and for others there is a decrease (medium income, high
income, wages). Importantly, the change in the standard errors does not alter the significance
levels of any of the coefficients in the model, so the overall substantive results are not affected
by using robust standard errors. It should be noted, however, that this will not necessarily be
the case in other analyses with different samples, dependent variables and independent
variables.
In Model 3, a random effect modelling approach is used. There are two major changes to the
model results. First, some of the coefficients change. This suggests that the parameter
estimates in the first two models, which are not adjusted for site, may not be correct (or are less
accurate). The standard errors also change, this is because the between site variance is now
being partitioned out so that the standard errors reflect the average within-site variance across
all sites. In almost all cases they increase, which is consistent with what we would expect from
the clustered nature of the data; where the standard errors are likely to be underestimated with
clustered data and when adjustment is made the standard errors increase to be more reflective
of variation in the population. This has some implications for the interpretation of the results.
For some income groups the association between income and months in current dwelling
appeared to be overestimated in the first two models, for example the parameter estimate for
Medium Income is attenuated although it remains significant. For other income groups, the
associations were possibly under estimated in the first two models, for example the magnitude
of the coefficients for medium-high income and high income increase, although they remain
non-significant. Importantly, the coefficient for the association between benefits as the main
source of household income and months in current dwelling becomes statistically significant. As
expected, the results for model 4 are almost identical.
With the random intercept model (Model 3) and the multi-level model with a random intercept
(Model 4) an estimate of the importance of site for the results can be obtained. For each model
the overall model variance has been partitioned into between-site variance (sigma_e) and within
site between individual variance (sigma_u). These two variances can be used to calculate the
variance partition coefficient (VPC), or the intra-class correlation (ICC) which indicates the per
cent of the model variance that can be attributed to differences between the sites. For Model 3
the VPC suggests that around 14 per cent of the model variance is attributable to between site
variation, and for Model 4 this is slightly higher at 16 per cent.
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Table 3:

Estimated regression coefficients and SEs from OLS Regression models of the
association between household income, sources of household income and
months in current house using site to adjust for geographic clustering, no
design effects (Model 1), robust standard error (Model 2), Random effect
(Model 3) and Multilevel model (Model 4)

Model 1
b
(se)

Model 2
b
(se)

Model 3
b
(se)

Model 4
b
(se)

9.74*
(3.78)
6.81
(4.66)
2.81
(5.79)
3.60
(7.29)
-4.38
(4.36)
-8.33

9.74**
(2.83)
6.81
(6.56)
2.81
(5.59)
3.60
(8.64)
-4.38
(4.13)
-8.33

8.43*
(4.20)
6.76
(5.17)
4.58
(6.25)
5.02
(7.67)
-6.45
(4.37)
-9.11*

8.36*
(4.23)
6.73
(5.20)
4.66
(6.28)
5.11
(7.70)
-6.58
(4.37)
-9.16*

(4.34)

(4.53)

(4.30)

(4.30)

52.18***
(5.10)

52.18***
(6.27)

Sigma_u

53.64***
(5.96)
9.31

Sigma_e

53.64

53.73***
(6.15)
10.54***
(2.88)
55.90***
(0.99)
0.16

Income (ref low income)
Medium Income
Medium-High income
High Income
Missing
Wages main source of income (1=yes)
Government Benefits main source of
income (1=yes)

_cons

Variance Partition Coefficient
N

0.15
1592

1592

1592

1592

*p<.05, **p<.01, ***p<.001

In Table 4 the results for the logit models predicting pre-school attendance are presented. The
overall results follow a similar pattern to the previous analysis of months in current dwelling. For
preschool attendance, the differences in the coefficients and standard errors between Model 1
and Model 2 are negligible.
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Table 4:

Logit models predicting the association between household income, sources of
household income and the probability of attending preschool using site to
adjust for geographic clustering, no design effects (Model 1), robust standard
error (Model 2), Random effect (Model 3) and Multilevel model (Model 4)

Model 1
b
(se)

Model 2
b
(se)

Model 3
b
(se)

Model 4
b
(se)

-0.25
(0.28)
-0.28
(0.34)
-0.17
(0.40)
-0.62
(0.58)
0.14
(0.33)
-0.59

-0.25
(0.22)
-0.28
(0.34)
-0.17
(0.50)
-0.62
(0.55)
0.14
(0.32)
-0.59

-0.67
(0.36)
-0.59
(0.44)
-0.46
(0.50)
-1.18
(0.67)
0.48
(0.36)
-0.34

-0.67
(0.36)
-0.59
(0.44)
-0.46
(0.50)
-1.18
(0.67)
0.48
(0.36)
-0.34

(0.33)

(0.41)

(0.36)

(0.36)

0.59
(0.39)

0.59
(0.54)

0.66
(0.50)
0.78
(0.23)
0.19

0.66
(0.50)
0.78
(0.23)
0.19

364

364

364

364

Income (ref low income)
Medium Income
Medium-High income
High Income
Missing
Wages main source of income (1=yes)
Government Benefits main source of
income (1 = yes)

_cons
Sigma_u
Variance Partition Coefficient
N
*p<.05, **p<.01, ***p<.001

The differences between Model 1 and Model 3 in Table 4 however are large. The results in
Model 3 show that the associations between income and sources of income and preschool
attendance may be underestimated when the clustered design of the study is not taken into
account. Even though none of the associations are statistically significant, the coefficients for
medium Income, medium-high income, high income and missing almost double in size. One
exception to this trend is that the magnitude of the coefficient for government benefits as the
main source of income decreases in size, suggesting it was overestimated in the initial two
models. The standard errors for most coefficients also increase quite substantially, although the
significance of the covariates does not change. There are no difference between the results of
Model 3 and Model 4. The variance partition coefficient indicates that around 19 percent of the
10

variation in the model is attributable to between site differences. This is a substantial portion of
the variance.
In summary, the results of Table 3 and 4 taken together indicate that there are strong survey
design effects in LSIC, at the very least for the two variables under consideration. This further
suggests that it is important to take into account the clustered design of the LSIC study when
analysing the data. The robust standard error approach illustrated in Model 2, is arguably not
the most effective or appropriate approach to adjusting for the LSIC study design. The
estimates of the standard errors presented in this model assume randomization in the selection
of individuals within clusters, which is not true, therefore the true estimates will be different. In
addition, the conditions whereby this approach is best used are not met with the site measure, it
has less than 50 cluster groups and the cluster group sizes vary considerably. The most
effective approach to taking account of the clustered nature of the data is a multilevel modelling
approach. Across both sets of models, with continuous and binary outcomes, there were
substantial adjustments to both the magnitude of the effect sizes and the standard errors in
Model 3 and 4 relative to Model 1 with no adjustments. In some circumstances this had
implications for the interpretation of the results.

Results: Indigenous Area
In this next analysis the Indigenous Area is used as the indicator for geographic clustering
rather than site. In Table 5 the results for the number of months in current dwelling are
presented. For Model 1 the baseline results are the same as those in Table 3. In the second
model, with a robust standard error for clustering, the standard errors increase for all
coefficients with the exception of high income, where the standard error decreases. Overall,
this pattern of increase in the standard errors is more consistent with the pattern expected with
a clustered survey design, where the standard errors are underestimated when clustering is not
taken into account. It should be noted that this pattern of standard error adjustment differs from
the models for site (Table 3, Model 2). This is likely because the site variable, with only 11
geographic clusters, violates some of the assumptions underpinning the ideal sample size of the
cluster variable (i.e. minimum of 50 clusters with similar numbers in each cluster) to a greater
degree than the area variable.
The results for Model 3 show that when a random effects modelling approach is taken, both the
coefficients and the standard errors change. Overall the size of the estimates for all covariates
declines substantially. The standard errors increase for all income groups, but for sources of
income the standard errors remain fairly constant. Using Indigenous Area as the measure of
geographic clustering, the standard errors for Model 3 are much more similar to those of Model
2 than in the previous analysis using site. With the increase in the standard error and the
decrease in the size of the coefficient the association between medium income and months
lived in current dwelling becomes non-significant. As expected, the results for Model 4 were
similar to those of Model 3. The variance partition coefficient indicates that differences between
areas accounts for 20 percent of total variance in the random effects model and 25 percent of
variance in the months lived in current dwelling in the multi-level model.
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Table 5:

OLS Regression models of the association between household income, sources
of household income and months in current house using Indigenous Area to
adjust for geographic clustering, no design effects (Model 1), robust standard
error (Model 2), Random effect (Model 3) and Multilevel model (Model 4)

Model1
b
(se)

Model 2
b
(se)

Model 3
b
(se)

Model 4
b
(se)

9.74*
(3.78)
6.81
(4.66)
2.81
(5.79)
3.60
(7.29)
-4.38
(4.36)
-8.33

9.74*
(4.15)
6.81
(5.21)
2.81
(5.11)
3.60
(7.38)
-4.38
(5.56)
-8.33

5.58
(4.23)
3.51
(5.20)
-0.65
(6.24)
3.44
(7.55)
-2.03
(4.34)
-6.72

5.26
(4.28)
3.47
(5.27)
-0.73
(6.30)
4.26
(7.59)
-1.53
(4.34)
-6.31

(4.34)

(5.56)

(4.31)

(4.31)

52.18***
(5.10)

52.18***
(7.55)

Sigma_e

55.12***
(5.65)
13.52

Sigma_u

54.25

54.85***
(5.81)
17.97***
(2.26)
54.11***
(0.99)
0.25

Income (ref low income)
Medium Income
Medium-High income
High Income
Missing
Wages main source of income (1 = yes)
Government Benefits main source of
income (1 = yes)

Constant

Variance Partition Coefficient
Number of clusters
Number of observations

0.20

1592

1592

1592

1592

*p<.05, **p<.01, ***p<.001

In Table 6 the models for preschool attendance using Indigenous Area to adjust for geographic
clustering are presented. The estimates in Model 1 and Model 2 are constant, but compared to
the standard errors in Model 1, the robust standard errors in Model 2 are slightly higher. In
Model 3, there are large shifts in the size of the coefficients and the standard errors. The size of
the estimates for all covariates increases, for the income measures this increase is large. The
standard errors also increase in size. Two of the estimates become statistically significant,
medium income and missing. As expected, the results for Model 4 are essentially the same as
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those for Model 3. The variance partition coefficient for the last two models is 0.28 indicating
that around 28 per cent of the variance is due to differences between Indigenous Areas.
Table 6:

Logit models predicting the association between household income, sources of
household income and the probability of attending preschool using
Indigenous Area to adjust for geographic clustering, no design effects (Model
1), robust standard error (Model 2), Random effect (Model 3) and Multilevel
model (Model 4)

Model 1
b
(se)

Model 2
b
(se)

Model 3
b
(se)

Model 4
b
(se)

-0.25
(0.28)
-0.28
(0.34)
-0.17
(0.40)
-0.62
(0.58)
0.14
(0.33)
-0.59

-0.25
(0.32)
-0.28
(0.47)
-0.17
(0.49)
-0.62
(0.75)
0.14
(0.36)
-0.59

-1.02*
(0.44)
-1.02
(0.52)
-1.11
(0.60)
-1.58*
(0.76)
0.61
(0.42)
-0.39

-1.02*
(0.44)
-1.02
(0.52)
-1.11
(0.60)
-1.58*
(0.76)
0.61
(0.42)
-0.39

(0.33)
0.59
(0.39)

(0.39)
0.59
(0.49)

(0.42)
1.06
(0.56)
1.29
(0.27)
0.28

(0.42)
1.06
(0.56)
1.29
(0.27)
0.28

364

364

364

364

Income (ref low income)
Medium Income
Medium-High income
High Income
Missing
Wages main source of income (1=yes)
Government Benefits main source of
income (1=yes)

Constant
lnsig2u
Variance Partition Coefficient
N
*p<.05, **p<.01, ***p<.001

In summary the results for Indigenous Area indicate that the geographic clustering of the LSIC
study is very important for the interpretation of results. The results of clustering for Indigenous
Area, however, differ markedly from those for site. The measure for Indigenous Area is much
more effective than site when estimating a robust standard error. However, that approach is
only useful when there is certainty that the parameter estimates are accurate. The results of the
models that adjust the coefficient as well as the standard error for clustering indicate that the
estimates in the first two models may be incorrect. The variance partition coefficient for both
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models also indicates that a significant proportion of the variance is attributable to differences
between areas.
There are some limitations with the Indigenous Area measure. The first is that these areas
were not the sample frame from which families were selected, so do not accurately reflect the
geographic areas that framed the sample selection. Families were selected from much larger
geographic areas. Thus for many of the Indigenous Areas there is only 1 observation within that
area, these are often referred to in the literature as singleton clusters [9]. For the first set of
models around 13.5 per cent (19/141) of Indigenous Areas were singleton clusters, and around
75 per cent (106/141) had less than 10 observations. For the second set of logit models on the
more restricted sample this problem was even larger, where 40 per cent (40/99) of the Areas
were singleton clusters and just over 93 per cent (92/99) had less than 10 observations. This
makes the adjustment of the models for area somewhat problematic because, according to
statistical conventions for the estimates of these models the majority of clusters do not have
sufficient observations within them to obtain the most accurate estimates. For singleton clusters
the variance is being calculated on one observation. Previous research has found that this is
only a significant problem in estimating variance in samples where there are less than 50
clusters [9]. Therefore this is unlikely to be an issue for the measure of Indigenous Area being
used here. Furthermore, this may not be a big issue for the current study because there is less
evidence that the estimation of the coefficients and standard errors are biased as a result of
large numbers of singleton clusters [9].

Results: Indigenous Region
In this final analysis Indigenous Region is used as the measure for geographic clustering. In
Table 7 the results for the models estimating number of months in current dwelling are
presented. As in the previous two analyses, Model 1 is the baseline model with no clustering.
In Model 2 the clustering is accounted for by using a robust standard error. For these results
the parameter estimates stayed the same, but the standard errors increased for all coefficients
with the exception of medium income, where the standard error decreased. This general
pattern of increase in the standard errors is consistent with expectations, where the standard
errors are most likely to be underestimated when clustering is not taken into account. This
suggests that Indigenous Region operates in a similar manner to Indigenous Area, and is more
appropriate than site (see Table 3, Model 2) when estimating a robust standard error to adjust
for clustering in the data.
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Table 7:

Estimated regression coefficients and SEs from OLS Regression models of the
association between household income, sources of household income and
months in current house using Indigenous Region to adjust for geographic
clustering, no design effects (Model 1), robust standard error (Model 2),
Random effect (Model 3) and Multilevel model (Model 4)

Model1
b
(se)

Model 2
b
(se)

Model 3
b
(se)

Model 4
b
(se)

9.74*
(3.78)
6.81
(4.66)
2.81
(5.79)
3.60
(7.29)
-4.38
(4.36)
-8.33

9.74***
(2.44)
6.81
(6.99)
2.81
(5.90)
3.60
(8.17)
-4.38
(4.61)
-8.33

10.46*
(4.28)
9.04
(5.28)
7.67
(6.35)
8.19
(7.69)
-5.49
(4.36)
-8.19

10.70*
(4.29)
9.82
(5.30)
7.95
(6.37)
8.69
(7.73)
-5.30
(4.36)
-8.25

(4.34)

(4.50)

(4.30)

(4.30)

52.18***

52.18***

53.61***

54.49***

Sigma_e

18.54

Sigma_u

55.08

Variance Partition Coefficient

0.25

17.62***
(3.65)
55.04***
(0.98)
0.24

Income (ref low income)
Medium Income
Medium-High income
High Income
Missing
Wages main source of income (1 = yes)
Government Benefits main source of
income (1 = yes)

Constant

N

1592

1592

1588*

1592

*p<.05, **p<.01, ***p<.001
*Note: Model 3 using xtreg would not converge to estimate model variance when geographic clusters
(n=4) that had only 1 observation within them were included in the model, so they were excluded for this
analysis.

In Model 3 the results for the model estimating a random effect show change in both the
standard error and the coefficient. It should be noted that the singleton clusters presented
major challenges for this model and the variance components (Sigma_e and Sigma_u) could
not be estimated, therefore those observations (n=4) had to be excluded. Overall, the standard
errors increased relative to the baseline model, but there was a great deal more variation in
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relation to the change in standard errors compared to Model 2. In contrast to the previous
analysis using Indigenous Area (Table 3 and Table 5, Model 3), the coefficients in Model 3
increased in size relative to Model 1 and Model 2, and the substantive results are similar to
those for the site measure.
Given the different estimation procedure used in the multilevel model, Model 4 was able to
converge with the full sample including the clusters with only one observation. Despite this, the
overall results were similar to those in Model 3. The coefficients were slightly larger than those
in Model 3, but the interpretation of results and substantive conclusions do not differ. Notably,
the magnitude and significance of the coefficients reported in Models 3 and 4 using Indigenous
Region to control for geographic clustering differed from the results using Indigenous Area
reported in Table 5, Models 3 and 4.
Notably, the results for Indigenous Region were more consistent with the results using site as
the measure for geographic clustering, presented in Table 3, Models 3 and 4. Although, there
are also some differences in the results between these two sets of analysis. The reasons for
the different results are likely due to a combination of the Modifiable Areal Unit Problem raised
in the methods, where changing the geographic area measure has implications for the results,
and the extent the measure meets the assumptions for sample size underpinning the random
effects and multilevel modelling approaches. These issues will be discussed in more detail later
in the report. Finally, the variance partition coefficient suggests that for Model 3 and Model 4
that 25 percent and 24 percent, respectively, of the unexplained variance is due to differences
between Indigenous Regions.
In Table 8, the results of the logit models predicting preschool attendance using Indigenous
Region as the indicator for geographic clustering are presented. The estimates in Model 1 and
Model 2 are constant. Compared to the standard errors in Model 1, the robust standard errors
in Model 2 change, with most standard errors increasing slightly (with the exception of those for
Medium Income, Missing income and Wages main source of income). Again, this pattern is
generally consistent with what we would expect from a clustered sampling approach where
differences between individuals are underestimated due to the concentration of the sample in
clusters.
The results of Model 3 show relatively large shifts in the size of the coefficients and the standard
errors. The size of the coefficient estimates for all covariates increases, with the exception of
government benefits as the main source of income. For the income measures this increase is
large, but the standard errors also increase in size. None of the estimates are statistically
significant. As expected, the results for Model 4 are essentially the same as those for Model 3.
The variance partition coefficient for the last two models is 0.25 indicating that 25 per cent of the
unexplained variance in the models is due to differences in Indigenous Regions.

16

Table 8:

Logit models predicting the association between household income, sources of
household income and the probability of attending preschool using
Indigenous Region to adjust for geographic clustering, no design effects
(Model 1), robust standard error (Model 2), Random effect (Model 3) and
Multilevel model (Model 4)

Model 1
b
(se)

Model 2
b
(se)

Model 3
b
(se)

Model 4
b
(se)

-0.25
(0.28)
-0.28
(0.34)
-0.17
(0.40)
-0.62
(0.58)
0.14
(0.33)
-0.59

-0.25
(0.23)
-0.28
(0.41)
-0.17
(0.54)
-0.62
(0.46)
0.14
(0.33)
-0.59

-0.73
(0.38)
-0.68
(0.46)
-0.59
(0.53)
-1.27
(0.68)
0.58
(0.38)
-0.16

-0.73
(0.38)
-0.68
(0.46)
-0.59
(0.53)
-1.27
(0.68)
0.58
(0.38)
-0.16

(0.33)

(0.43)

(0.38)

(0.38)

Income (ref low income)
Medium Income
Medium-High income
High Income
Missing
Wages main source of income (1=yes)
Government Benefits main source of
income (1=yes)

Constant

0.59
(0.39)

0.59
(0.55)

0.59
(0.55)
1.12
(0.59)
0.25

0.59
(0.55)
1.12
(0.30)
0.25

364

364

364

364

lnsig2u
Variance Partition Coefficient
N
*p<.05, **p<.01, ***p<.001

In summary, the results for Indigenous Region provide more support for the conclusions drawn
previously, that the geographic clustering of the LSIC study is very important for the
interpretation of results. The results of clustering for Indigenous Region are more consistent
with those using site as the measure of geographic clustering than Indigenous Area. This is
likely due to the fact that the number of Indigenous Regions in the analytic sample is more
similar to the number of sites. There are some additional limitations with the Indigenous Region
measure. As with Indigenous Areas, Indigenous Regions were not the sample frame from
which families were selected. Even though Indigenous Region was a more aggregated
measure than Indigenous Area, there were still a relatively large proportion of Indigenous
Regions that had small numbers of observations within them. For the first set of models around
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16 per cent (4/25) of Indigenous Regions were singleton clusters, and around 28 per cent (7/25)
had less than 10 observations. In contrast to the results for Indigenous Area, the large number
of singleton clusters posed some problems for Indigenous Region. For instance, in Model 3 of
Table 7, the high proportion of singleton clusters meant that the variance could not be estimated
for that model. For the second set of logit models on the more restricted sample 10 per cent
(2/20) of areas had one observation and 50 per cent (10/20) had less than 10 observations.
This illustrates the scale problem related to MAUP, where different ways of aggregating the data
resulted in different sample characteristics for each cluster, which in turn influenced the results
and conclusions.

Discussion
Together the results here suggest that accounting for geographic clustering is likely to be
important for most analysis that is conducted using the LSIC study. Failure to do so can result
in miss-estimation of parameter estimates and standard errors, which could in some
circumstances result in erroneous conclusions drawn from the data. Determining the best
modelling approach to account for clustering and whether or not site, Indigenous Area or
Indigenous Region is the most appropriate geographic measure to control for clustering is less
clear.
In terms of the most appropriate modelling approach, we can conclude that using a robust
standard error to adjust for clustering is probably not the strongest approach, because as
outlined in the methods section, it does not account for clustering in both the parameter
estimates and the standard errors. The use of this approach also assumes randomisation in the
selection of children within areas, given that LSIC was a purposive sample both in relation to the
selection of areas and of children within areas this assumption is violated and therefore it is
likely that the parameter estimates are also incorrect in these models. In addition, with regard to
the site and Indigenous Region measures of geographic clustering, the standard errors are
unlikely to converge to the true standard errors, given that previous research has indicated that
at least 50 clusters are required for this convergence to take place, and site has 11 and
Indigenous Region has 25 (or 20 for the more limited analysis) areas represented in the data
[6]. It is likely that this problem was experienced when using the site and Indigenous Region
measures because of the relatively small differences in the standard errors between Model 1
and Model 2 for Tables 3 and 4 (site) and Tables 7 and 8 (Indigenous Region). The same issue
does not apply to the use of Indigenous Area, as there are 141 areas represented by that
measure in Table 5 and 99 areas in Table 6. Thus in Model 2 of Tables 5 and 6 where
Indigenous Area is the cluster measure, we see that the standard errors are similar to those for
Models 3 and 4 in Tables 5 and 6.
Whether or not site, Indigenous Area or Indigenous Region is the best measure is also
uncertain. There are two main reasons for this uncertainty: 1) the extent to which each measure
complies with assumptions relating to sample size and 2) the Modifiable Areal Unit Problem
(MAUP). In relation to the first issue, if a robust standard error is being estimated then
Indigenous Area or Indigenous Region are much better measures of geographic clustering in
those circumstances (noting the limitations above with using a robust standard error with LSIC
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data). For random effects and multilevel modelling the site measure performed well. Although it
should be noted that some would argue that with only 11 sites that this measure is not suitable
for multi-level modelling because there are not enough clusters (i.e. 50 is the ideal minimum
number) to achieve accurate estimates [14]. Similarly, according to this argument Indigenous
Region with 25 clusters may not be suitable. Overall, the model results suggest that there is little
gain from using Indigenous Region rather than site as the measure for geographic clustering,
and due to problems with singleton clusters may be a poorer option.
Secondly, any changes in results may be due to the scale problem related to the Modifiable
Areal Unit Problem. The point estimates for Models 3 and 4 differ quite markedly depending on
whether site, Indigenous Area or Indigenous Region is used to adjust for clustering. The
substantive interpretation of the results also changed depending on whether site and Indigenous
Region were used as the geographic measure relative to Indigenous Area. This is because
both the random effects and multilevel modelling approaches correct the denominator degrees
of freedom for the number of clusters, and the number of clusters varied between site (n = 11),
Indigenous Region (n = 25) and Indigenous Area (n = 141). Thus, the number of observations
and the aggregate composition of those observations within each cluster changed depending on
the cluster measure being used. These factors may also have a strong influence on the results.
Finally, one approach to determining which is the best modelling approach and measure for
adjusting for geographic clustering for a specific set of analysis is to perform an AIC or BIC test
on each of the models[15]. The AIC is the Akaike Information Criteria and the BIC is the
Bayesian Information Criteria, both tests are formulated to help select the most appropriate
model from a number of candidates. A smaller the AIC or BIC indicates a better model
specification. The tests can be used on their own, but Kuhn argues that it is ideal if both the AIC
and the BIC consistently indicate the best model [15]. These are common tests available
postestimation after all Stata estimation commands that store the model log likelihood. For
Model 3, estimating the random effect for geographic clustering this test can only be run when
the ,mle option has been specified. The AIC and BIC can be obtained by specifying estat ic in
the line after the models, like this:
regress depvar indepvar
estat ic
These tests were undertaken for each model estimated in this report and the results of the tests
are presented in Table 9. In the first row of the table the AIC for the models for housing tenure
presented in Table 3 are provided. In the row below the BIC are presented. This is repeated for
the models from Table 5 for area and the models from Table 7 for region. The results of Table 9
are very helpful in guiding us to selecting the best model and are consistent with the discussion
above. The smaller the AIC and BIC the better the model specification, therefore for housing
tenure the best specified models in general for all measures are those using either the random
effect or multilevel modelling approaches. In addition, according to both the AIC and BIC the
best specified models are those using the area measure to adjust for geographic clustering,
there is slight disagreement between the two test as to whether the random effect or multilevel
model is the best approach. The results of the AIC and BIC for preschool attendance are
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similar to those for tenure. Both tests have the same results for the random effects and
multilevel models and suggest that the models using area as the measure of geographic
clustering are the best specified models compared to the others because they have the smallest
AIC and BIC.
Table 9:

Comparison of model fit according to AIC and BIC

Model 1
Tenure:
Site
Area
Region
Preschool Attendance:
Site
Area
Region
a

Model 2

AIC
BIC
AIC
BIC
AIC
BIC

17381.95
17419.56
17381.95
17419.56
17381.95
17419.56

17381.95
17419.56
17381.95
17419.56
17381.95
17419.56

AIC
BIC
AIC
BIC
AIC
BIC

507.58
534.86
507.58
534.86
507.58
534.86

507.58
534.86
507.58
534.86
507.58
534.86

Model 3a

Model 4

17359.47
17407.83
17224.92
17373.27
17282.92
17377.61

17326.46
17374.81
17292.71
17341.06
17295.80
17344.16

482.97
514.15
473.54
504.72
481.32
512.50

482.97
514.15
473.55
504.72
481.32
512.50

To run the AIC and BIC tests xtreg, mle needs to specified for the xtreg models.

Conclusions
In summary, estimating models with a robust standard error is probably not the strongest
approach to use in adjusting for clustering. Using a random effect or multilevel modelling
approach corrects the coefficients and the standard errors, and there is good evidence that the
coefficients as well as the standard errors may be miss-estimated as a result of the LSIC study
design. Therefore these approaches are preferable. However, there are also some technical
considerations related to the number of clusters and the number of observations within those
clusters. For all modelling approaches, Indigenous Area appears to be the best measure of
geographic clustering, this is further supported by the results of Table 9 where both the AIC and
BIC indicate that the models using this measure of geographic clustering perform better than the
models using the other two measures. Although, it should be noted, that this may differ for
other outcomes and models. In addition, this measure also has some limitations. First,
Indigenous Area was not the sample frame that guided the selection of participants. Therefore
there is some slippage between the geographic boundaries of sites and some Indigenous
Areas. Some consideration needs to be given to whether or not Indigenous Area is a
meaningful way of aggregating the LSIC data. The different approaches resulted in differences
in the number of clusters and the number of observations within those clusters, thus changing
the geographic measure had implications for the results. There were also a relatively large
number of singleton Indigenous Areas, however, it is unlikely that this had major implications for
the results. Nevertheless, caution should be exercised when using the measure and it is
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recommended that researchers check the number of clusters and cases within each cluster
when estimating models as this may have implications for their results and conclusions.
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