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Abstract

Purpose We know little about how community structures influence the risk of common mental illnesses. This study presents
a new way to establish links between depression and social fragmentation, thereby identifying pathways to better target
mental health services and prevention programs to the right people in the right place.

Method A principal components analysis (PCA) was conducted to develop the proposed Australian neighborhood social
fragmentation index (ANSFI). General practice clinical data were used to identify cases of diagnosed depression. The
association between ANSFI and depression was explored using multilevel logistic regression. Spatial hot spots (clusters) of
depression prevalence and social fragmentation at the statistical area level 1 (SA1) were examined.

Results Two components of social fragmentation emerged, reflecting fragmentation related to family structure and mobil-
ity. Individuals treated for depression in primary care were more likely to live in neighborhoods with lower socioeconomic
status and with higher social fragmentation related to family structure. A 1-SD increase in social fragmentation was associ-
ated with a 16% higher depression prevalence (95% CI 11%, 20%). However, the association attenuated with adjustment for
neighborhood socio-economic status. Considerable spatial variation in social fragmentation and depression patterns across
communities was observed.

Conclusions Developing a social fragmentation index for the first time in Australia at a small area level generates a new
line of knowledge on the impact of community structures on health risks. Findings may extend our understanding of the
mechanisms that drive geographical variation in the incidence of common mental disorders and mental health care.

Keywords Social fragmentation index - Depression - Mental disorders - Geographic information systems (GIS) - Primary
care

Introduction

Mental disorders pose a significant public health challenge
for Australia and the world [1, 2]. The most common mental
disorders are anxiety disorders and depression [3]. Research
consistently confirms the high prevalence of mental illness
in our community and its impact on the lives of people with
mental illness, their families and carers [4]. Mental disorders
are now the third leading cause of disability burden in Aus-
tralia, accounting for an estimated 24% of the total years lost
due to disability [5]. Australia spends at least $26.9 billion
per year supporting people with mental disorders for health
care, lost productivity and welfare benefit [6].
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There is a large body of theoretical and empirical research
exploring the processes by which a lack of social cohesion
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and social capital in communities may be associated with
poorer mental health among residents in these communi-
ties [7-10]. In particular, social fragmentation or poor com-
munity connectedness has been highlighted as an important
property of the social environment [8, 11, 12].

A number of studies have found that protective social pro-
cesses within communities or neighborhoods, such as social
capital, social cohesion and collective efficacy, are important
contextual influences on population health, including mental
health [13-16]. Such protective processes are more common
in areas that are less socially fragmented, such as those with
less residential mobility, low levels of non-family house-
holds and with more adults in marital or other partnerships.
In fragmented areas, by contrast, resident interactions tend to
be fewer and of lower quality [17]; aspects of social capital,
including trust, social norms and reciprocity, are harder to
maintain [18], and more people are socially isolated. Frag-
mentation of social environments is of ongoing interest to
health and social science researchers for its potential rela-
tionship with a range of health outcomes including mental
ill health [7, 19].

‘Social fragmentation’ is a term defined as a lack of
opportunity for social integration and inclusion originating
in Emile Durkheim’s early research [2, 10]. Durkheim high-
lighted that a community which is highly fragmented would
be less able to provide ‘healthy’ levels of support [11, 12].
In spatial epidemiology research, this construct was inves-
tigated based on the development of a social fragmentation
index (SFI) to explore variation in rates of suicide deaths
and suicide attempts across geographical areas in Greater
London [20]. Congdon found that SFI differences explained
area variations in suicide rates independent of deprivation
[12, 20]. The index was created using area proportions of
four variables: single-person households, unmarried adults,
privately rented housing (excluding social renting), and resi-
dential turnover.

An additional New Zealand (NZ) study by Ivory et al.
used 13 variables (four variables from the Congdon Index
and nine additional variables) from the NZ census to con-
struct an index of neighborhood level social fragmentation,
capturing three dimensions of fragmentation: less attach-
ment, less sharing of norms and fewer social resources [2].
The important feature of the NZ index was to capture the
compositional factors thought to fragment social connec-
tions within a neighborhood.

The current study describes the development of an Aus-
tralian index of social fragmentation to capture social frag-
mentation across neighborhoods and demonstrates how the
index may be useful for understanding patterns in health
outcomes by investigating the prevalence of common mental
disorders across communities.

The value of spatial analysis is a well-recognized
approach for assessing variations in mental health across
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communities [21, 22], and as a useful approach to highlight
clusters or “hotspots” of chronic disease [23, 24]. However,
evidence for geographic variation in mental disorders and
social fragmentation at the small area level remains limited,
including in Australia. Most studies have focussed on suicide
[25-29] and psychosis [10, 11, 30].

The use of routinely collected data from general practice
has been shown to be effective for estimating the incidence
and prevalence of common chronic conditions [31]. Studies
in the UK [32], US [33] and Australia [34-36] have com-
bined general practice data and spatial analysis at the small
area level to calculate diabetes risk prediction. However,
few studies have applied this approach to mental health out-
comes. In Australia, general practice data offer a rich source
of routinely collected data that are currently underutilized
for risk prediction and geospatial analysis of chronic illness.

There is a considerable knowledge gap in Australia
regarding the convergence between social fragmentation
and hotspots of diagnosed depression in local communities
at small area levels, which may be an important foundation
for the targeting of effective prevention measures and for
efficient resourcing of mental health services.

The aims of the current study were to:

1. Develop a neighborhood level index of social fragmenta-
tion using Australian census data to identify hotspots of
social fragmentation;

2. Identify hotspots of depression and how they converge
with social fragmentation hotspots.

Methods

Developing the Australian neighborhood social
fragmentation index (ANSFI)

We measured area-level social fragmentation at the Sta-
tistical Area level 1 (SA1) using information from the
2011 Australian census. SAls typically have a popula-
tion between 200 and 800 persons (average population
approximately 400 persons), which allows the separa-
tion of areas with different geographic characteristics
within suburb and locality boundaries across Australia
[37]. Candidate variables for the proposed SFI that
were available at this geographical resolution included
the proportion of: population mobility < 1 year (people
living less than a year in the neighborhood), privately
rented households, single-person households, nonfamily
households, unmarried persons, households with school-
aged children, recent immigrants < 1 year, immigrants
arrived > 15 years ago, residents living > 5 years in the
neighborhood, and people who report volunteering. Due
to the variability of the contextual factors across local
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communities, composite/synthetic indices should be
adapted and adjusted to the local context and one sin-
gle indicator of the composite index relevant in one area
may not be relevant in another area [38]. The Australian
neighborhood social fragmentation index captures three
domains: attachment to the neighborhood, sharing values
and norms and transience. We selected available variables
from the Australian Bureau of Statistics that covered each
of these domains. Our index included more candidate sub-
domains and indicators compared to the UK and NZ indi-
ces, to ensure sufficient coverage of relevant metrics of
social fragmentation [19, 20, 39].

We conducted principal components analysis (PCA) to
explore relationships between these area-level character-
istics and to select the most parsimonious set of variables.
Data from across Australia representing 53,137 SAls
and a population of 21,004,542 (after excluding outliers
reflecting very low population SAls) were included in the
PCA. Scores based on the principal components were then
used to create a composite index of social fragmentation
within each SA1 area, labeled the ANSFI score.

Mental health data source

We used general practice clinical data from west Ade-
laide in South Australia to identify cases of depression.
Adelaide (population approximately 1.2 million) is the
largest city in Australia’s fifth most populous state. The
study region of west Adelaide incorporates a population
of 207,837 people, and covers suburbs with a broad range
of socioeconomic status, including wealthy beachside sub-
urbs and historically working class suburbs that are adja-
cent to industrial areas. In this study, we have focused on
the prevalence of GP-treated depression, as this is the best
available data at the small geospatial level. GPs conduct
clinical interviews and classify medically defined mental
disorders based on Diagnostic and Management Guide-
lines for Mental Disorders in Primary Care: ICD 10 Chap-
ter V Primary Care Version. Recorded diagnosed depres-
sion data were extracted from 16 practices from 2010 to
the end of 2015 using the Pen CS tool for active patients
who had three visits to the GPs over the past 2 years. Data
were geocoded to the SA1 area of the patient’s residence
address using the G-tag method which has been described
previously [40]. There were 489 SA1s in the study area,
covering 16 general practices. Overall, 212,708 patient
records were extracted from the practices. Of these data,
84,638 cases were identified as active patients (patients
who visited the general practices at least three times dur-
ing the past 2 years). Patients were linked to the SA1 for
spatial analysis and the adjusted rate of depression for each
SA1 was calculated.

Multilevel analysis

To explore the association between social fragmentation
and depression, we performed multilevel logistic regression
analyses (with depression defined as a binary outcome vari-
able, case or non-case of depression) to account for the hier-
archical nature of the data (patients within neighborhoods),
as data on patient characteristics and community-level
characteristics were included in the models. The regression
coefficients when exponentiated are the odds ratios for the
increase in depression prevalence for each 1-SD change in
the exposure variable. We report these results as ratios in
Table 2 (e.g., the regression coefficient exponentiated), but
refer to the percentage changes in the text (e.g., a ratio of
1.18 is equivalent to an 18% increase in the odds ratio of
the outcome for a 1-SD change in the exposure). All com-
parisons of exposure and outcome were assessed with two
models: model 1 included ANSFI score with adjustment for
age, sex, and smoking status (individual-level factors), and
model 2 additionally adjusted for neighborhood socioeco-
nomic status. We used the index of relative socio-economic
advantage and disadvantage (IRSAD) as a measure of socio-
economic index for area (SEIFA), developed by the Austral-
ian Bureau of Statistics. Scores on this index range from 664
to 1126, with higher scores indicating less socioeconomic
disadvantage.

Spatial analysis

Individual depression cases were aggregated at the SA1 level
to calculate area-level depression prevalence and examine
spatial variation of depression across the study area. Depres-
sion prevalence adjusted for age for the spatial analyses, with
the Australian population used as the reference population.
Spatial hotspots (clusters) of depression at the SA1 level
were examined using the Getis-Ord Gi* technique [41]. This
tool compares the local sum of depression (the sum of the
depression risk of the targeted SA1 area and its neighboring
SA1ls) to the sum of depression risk of all SA1s within the
study area.

A statistically significant large, positive Z score signifies
a local high-rate cluster hotspot. Hotspots are detected when
SATls with high rates are surrounded by other SAls with
high rates; the observed local sum of depression is higher
than the expected local sum, and the difference is too large to
be the result of chance alone. Similarly, a statistically signifi-
cant large, negative Z score signifies a local low-rate cluster
(cold spot), where SAls with low rates are surrounded by
other SA1s with low rates [41]. Statistically significant hot
and cold spot clusters were visualized in the region of west
Adelaide to highlight communities with high or low depres-
sion risk. We overlaid depression and social fragmentation
hotspots and cold spots to examine the spatial convergence
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of depression and social fragmentation hotspots and cold
spots.

Stata version 14.2 (Stata Corp, LP) was used to calculate
depression prevalence and conduct descriptive analyses of
our sample population, and ArcGIS version 10.4 to conduct
spatial analyses and mapping. The study obtained ethics
approval from the Australian National University Human
Ethics Committee (protocol 2014/174).

Results

The PCA identified that 7 of the 10 candidate variables
formed two distinct components accounting for 64.8% of
variance. A scree plot of eigenvalues also indicated evi-
dence for multi-dimensional construct of social fragmen-
tation. Therefore, the first two components were retained
and labeled as the ANSFI family component (ANSFI;, )
and the ANSFI mobility component (ANSFI ). Variables
forming the ANSFI, . component were lone person house-
hold, non-family household with renting and married people.
Variables forming the ANSFI, were people living < 1 year
in the neighborhood, families with school children and peo-
ple lived more than 5 years in the neighborhood. Scores
on the ANSFI;, . and ANSFI_, ranged from —4.4 to 11.6
and —2.8 to 15.4 across the 52,162 SA1s across Australia,
with higher scores indicating greater social fragmentation.
A negative association was found between socioeconomic
status and social fragmentation index across Australian
communities, although the correlation between ANSFI,
and SES (r=-0.43, p<0.001) was greater than between
ANSFI, ., and SES (r=—-0.08, p <0.001). Table 1 provides
a national summary of the Australian neighborhood social
fragmentation index and socioeconomic status.

The demographic, lifestyle socioeconomic status and
social fragmentation characteristics of active patients’
residential neighborhood within the west Adelaide region
are described in Table 2. The prevalence of depression
increased with age. Women comprised 65.3% of the sam-
ple, and had a higher prevalence (7.7%) of depression
compared to men (4.6%). The prevalence of depression
was nearly three times higher among patients who were
divorced or separated (19.2%) compared to patients who
identified as “never married”. The prevalence of depres-
sion was approximately two times higher among current

Table 1 Summary of SES and ANSFI scores

Obs. Mean SD Min Max
SES 52,162 1000.2 98.9 298 1246
ANSFI_ 52,162 0.04 0.9 -2.8 154
ANSFI, 52,162 -0.01 0.9 —-4.4 11.6
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tobacco smokers (13.8%) than those who reported never
smoking (7.2%), although smoking status was not recorded
for 45.2% of patients. Patients who had depression were
more likely to live in neighborhoods with lower socioeco-
nomic status (mean=946.9, SD=79.6) compared to the
non-depressed group (mean=956.6, SD=280.1) and had
greater family related social fragmentation (mean = 0.46,
SD =0.80) compared to the non-depressed group (0.37,
SD=0.79).

Table 3 shows odd ratios (ORs) for diagnosed depres-
sion cases in 16 general practices in the west Adelaide
region. In model 1 (adjusted for demographics and life-
style), a 1-SD increase in social fragmentation was asso-
ciated with a 16% higher depression prevalence (95% CI
11%, 20%) The strength of association of ANSFI score
and depression attenuated with adjustment for neighbor-
hood socio-economic status in model 2, with only an
8% higher depression prevalence for a 1-SD change in
ANSFI,, ... Marital status is one of the components of the
ANSFI, while sex, age and smoking status are not. There-
fore, including marital status as a separate predictor in the
multi-level modeling analysis of ANSFI would be circular.

Figure 1 shows geographical variations in the social
fragmentation index and age-adjusted depression preva-
lence in the western area of the city of Adelaide. The
ANSFI ranged from — 1.41 to 3.19 within west Adelaide,
with greater social fragmentation (darker shades) identi-
fied among neighborhoods in the south-eastern suburbs.
Depression prevalence varied from 1 to 19% across com-
munities, with neighborhoods located in the central and
south areas of west Adelaide having higher prevalence
(darker shades).

Figure 2 shows significant hot spots (red) and cold spots
(blue) in the patterns of social fragmentation (left map)
and depression (right map). Hotspots of social fragmenta-
tion were concentrated in the eastern and northern suburbs,
while cold spots were mainly located in the central part of
the study area. There were no significant hotspots of social
fragmentation in the western neighborhoods which comprise
high socioeconomic-status suburbs. The hotspots of diag-
nosed depression were located mainly in the southern and
central parts of the study area. Social fragmentation hotspots
were most prominent in neighborhoods located in the south-
ern east and north Adelaide near port Adelaide (Fig. 2).

Figure 3 demonstrates convergence of hot spots and cold
spots of social fragmentation and diagnosed depression in
west Adelaide. Interestingly, cold spots (less fragmented and
low age-adjusted depression prevalence) for social fragmen-
tation and depression prevalence were located in the western
suburbs near the ocean, which tend to be high SES neighbor-
hoods. However, converging hot spots (highly fragmented
and high prevalence of depression) were found in the south-
eastern suburbs, which typically have a lower SES.
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Table 2 Sociodemographic, lifestyle characteristics, neighborhood socioeconomic status and fragmentation index by depression status in 16 gen-

eral practice records

Not depressed Depressed Va P
n % N %
Age 2700 <0.001
0-19 27,181 99.4 148 0.5
20-29 18,092 95.6 830 43
30-39 19,150 94.1 1187 5.8
40-49 17,917 91.7 1618 8.2
50-59 15,505 90.6 1.602 9.3
60-69 11,496 90.1 1257 9.8
>=70 15,102 90.0 1668 9.9
Sex
Male 58,385 95.3 2833 4.6 560.7 <0.001
Female 65,364 92.2 5466 7.7
Not stated 694 98.4 11 1.5
Marital status
Never married 22,801 93.5 1568 6.4 1400 <0.001
Married 12,755 89.8 1439 10.1
Divorce/separated 2373 80.7 566 19.2
Not stated 63,375 95.1 3264 49
Missing 23,139 94.0 1473 59
Smoking status
Current smoker 11,760 86.1 1887 13.8 3800 <0.001
Ex-smoker 11,970 87.8 1655 12.1
Never smoked 44,448 92.7 3456 72
Not stated 56,265 97.7 1312 22
Mean SD Mean SD t p
SES 956.6 80.1 946.9 79.6 11.5 0.00
ANSFI, 0.37 0.79 0.46 0.80 -9.10 0.00
ANSFI_ -0.26 0.67 -0.26 0.65 0.23 0.59
Discussion mental disorder, independently of individual demographic

The overall aim of current study was to investigate the
relationship between social fragmentation and depression
at small area level to provide a new knowledge for prior-
itization of policy planning and intervention. We found a
statistically significant relationship between family-related
ANSFI scores and diagnosed depression after controlling
for individual demographic and lifestyle factors. However,
the main effect for neighborhood social fragmentation
decreased once the model was adjusted for neighborhood
SES. This finding suggests that the association between
social fragmentation and depression is partially explained
by neighborhood SES. Neighborhood level SES was sig-
nificantly associated with diagnosed depression prevalence
in primary health care. This finding is also important, as
it suggests that a range of community-level factors may
influence whether an individual will experience a common

characteristics.

Developing a neighborhood-level social fragmentation
index using publicly available data from the Australian
Bureau of Statistics was at the core of this research. We
developed the social fragmentation index by updating the
Congdon Index for the Australian context. We named the
index ‘the Australian Neighborhood Social Fragmentation
Index (ANSFI)’, constructed at the small area level to cap-
ture social fragmentation across neighborhoods. The rela-
tionship between mental health outcomes with social and
economic factors may be driven by a number of potential
mechanisms. Neighborhoods with greater social fragmenta-
tion [42] or lower SES [43, 44] may create additional stress-
ors on individuals and communities through factors such as
limited opportunities for recreation, poorer quality housing,
greater density with less green space, and increased isolation
from transport, services or community amenities. Moreover,
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Table 3 ORs (95% Cls) in fully adjusted model for diagnosed depres-

sion vs. not diagnosed in general practices

Model 1 Model 2
Intercept 0.08 (0.07, 0.09) 0.26 (0.16, 0.44)
ANSFI;, ., 1.16 (1.11, 1.20) 1.08 (1.02, 1.13)
ANSFI ., 1.05 (1.00, 1.10) 1.03 (0.98, 1.08)
Age
0-19 0.07 (0.06, 0.08) 0.07 (0.06, 0.08)
20-29 0.45 (041, 0.49) 0.44 (0.40, 0.49)
30-39 0.59 (0.54, 0.64) 0.59 (0.54, 0.64)
40-49 0.82 (0.76, 0.88) 0.82 (0.76, 0.88)
50-59 0.88 (0.81, 0.95) 0.88 (0.81, 0.95)
60-69 0.98 (0.90, 1.06) 0.98 (0.90, 1.06)
>70 Ref. Ref.
Sex
Male Ref. Ref.
Female 1.72 (1.64, 1.81) 1.72 (1.64, 1.81)
Not stated 0.62 (0.34, 1.14) 0.63 (0.34, 1.15)

Smoking status
Current smoker
Ex-smoker
Never smoked
Not stated

SES

1.81 (1.70, 1.93)
1.37 (1.28, 1.46)
Ref.

0.34 (0.32, 0.36)

1.80 (1.69, 1.92)
1.36 (1.27, 1.45)
Ref.

0.34 (0.32, 0.36)
0.99 (0.99, 0.99)

individuals living in such neighborhoods may have less
income and education, with reduced means to engage with
appropriate health services [45]. Location and resourcing of

Fig. 1 Spatial variation of social
fragmentation (left) and age-
adjusted depression prevalence
(right)

-1.41--0.43
-0.42-0.21
0.22 -0.81
0.82-1.54
1.55-3.19
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health services may also be deficient in these neighborhoods,
creating further barriers to service use. Further research on
the standard description and mapping of the provision sys-
tem at local level [46] should examine how the resourcing
of health services may magnify inequities in mental health.

The benefits of context analysis at area level for develop-
ing locally meaningful indices and understanding local vari-
ation for tailored policy planning and resource allocations
are threefold. First, it enables identification, representation
and analysis of small area variation within the local system.
Second, it enables linkage of local clusters of fragmenta-
tion to other relevant social structure factors such as health
services accessibility and availability, and built environment
characteristics. Third, it enables aggregation of this infor-
mation to an ecological level that is meaningful for guiding
evidence-informed policy. In this context, cities have been
identified as a key system level for global health planning
[47], particularly in mental health.

We have previously analysed the relationship of hot and
cold spots of mental disorders in urban areas with service
availability and a key single socio-demographics indicators
such as education, employment, income. This spatial analy-
sis was used for policy and planning in Barcelona, Spain
[48]. This study goes a step further as it provides, for the
first time, a spatial analysis of key synthetic indicators and
hotspots of mental disorders in urban areas.

Australian Bureau of Statistics data has some advantages
over other data sources: first, census data are available at
national level, providing a comprehensive measure that can
be applied across the country and within different localities

Depressioniate

5l . 0.07-0.04
I 0.05-0.06

0.07 -0.08

0.09-0.10
0.11 -0.19
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Fig.2 Hot and cold spots in the
patterns of social fragmentation
(left) and common mental disor-
ders (right) in west Adelaide

Cold Spot - 99Y%
Cold Spot - 95%
I coid Spot - 90% CI
- Not Significant
I Hot Spot - 90% CI
Hot Spot - 95% CI
Hot Spot - 99% CI

Depression & Social fra gr\énta tion”

Cold spots '\ \

- Not significant

Hot spots
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Fig.3 Convergence of hot spots and cold spots of social fragmenta-
tion and age-adjusted depression prevalence in west Adelaide city

Cold Spot - 95% CI
I Cold Spot - 90% CING™
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Hot Spot - 95% CI

Hot Spot - 99% CI

of the nation. Second, using similar data sources particularly
census data enables researchers to increase equivalence of
the composite index internationally.

Our findings showed that there is a great deal of spatial
variation in social fragmentation and depression patterns,
and also in the association between social fragmentation and
common mental disorders in the selected urban area. We
found significant clusters of both hot spots and cold spots
in the patterns of social fragmentation and depression in
the study area. Spatial convergence of hot spots of social
fragmentation and depression was observed in south-eastern
neighborhoods of west Adelaide, suggesting this small area
might be an important focus for social and health service
interventions.

We used diagnosed cases of depression recorded in the
general practice clinical data set, rather than using self-
reported data and this was a major strength of the study. The
ANSFI was created using a national dataset which enables
this metric to be used nationally in future research. Addition-
ally, we analysed both the outcome variable (depression) and
exposure (fragmentation) at a very fine geographical level
(SA1), enabling identification of local patterns of common
mental disorders and social fragmentation.

Spatial analysis is a relative new approach in mental
health care research, and more comparative evidence is
needed for its use in policy planning. For example, we do not
know whether spatial information can be transferred from
urban to rural areas, or the meaning of disparities in the pat-
terns of hot spots and cold spots of mental disorders across
different areas. Similarly, further information is needed to
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understand the relationship between social fragmentation
and mental health outcomes, and other synthetic indexes
such as social deprivation. At an international level, major
differences have been identified in the urban patterns of hot
and cold spots of depression in Adelaide and Barcelona
[49]. While a number of hot spots and cold spots clustered
together in Barcelona, a clear separation between the two
zones appeared in Adelaide. In addition, spatial analysis can
improve the knowledge-base on a defined health ecosystem,
allowing for tailored priority setting and policy planning in
small catchment areas.

We selected Adelaide to undertake the study for three
reasons: (1) the availability of and completeness of primary
care data including depression data, (2) existing demonstra-
tion of the usability of Adelaide GP dataset for spatial analy-
sis of other conditions such as dementia, and (3) sufficient
variability in socioeconomic status across the city. The test-
ing of this index in relation to other key health questions
should be conducted in other Australian localities. After the
completion of this study, we have described social fragmen-
tation and mental health services availability in Canberra
and Perth [50], and intend to use these atlas data to address
research questions around the relationship between service
availability, social fragmentation and prevalence of mental
health problems.

This study also has some limitations. First, we focused on
a discrete and representative area of a major city where rich
primary care data were available. It remains unclear whether
similar relationships between social fragmentation and
mental health outcomes would also be observed nationally,
particularly in rural areas. While there was high variabil-
ity in social fragmentation, depression prevalence and SES
within the SA1s areas included in the study, there was some
restriction of range, including underrepresentation of areas
with very high social fragmentation. Second, there may
have been threshold effects, such that only extreme levels of
social fragmentation influenced mental health status. Fur-
ther investigation of this relationship in highly fragmented
communities such as fly-in-fly-out mining communities or
highly disadvantaged rural communities may provide further
insights into the role of social fragmentation.

Conclusion

Identifying highly fragmented neighborhoods and spatial
convergence in hot spots of common mental disorders and
social fragmentation at the small area level is likely to gen-
erate rich and novel information to allow better targeting of
prevention activities across communities and more equitable
allocation of health resources in the right place to the right
people. In particular, these forms of data may be used to
guide policymakers to identify specific geographical areas
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in need of additional services, ensuring that people experi-
encing mental health problems can access services. Further
investigation of how social, economic and built environment
factors might influence mental health is warranted.
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