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Abstract

Objective

This study sought to assess whether changes in depressive symptoms, general health, and

area-level socio-economic status (SES) were associated to changes over time in waist cir-

cumference and body mass index (BMI).

Methods

A total of 2871 adults (18 years or older), living in Adelaide (South Australia), were observed

across three waves of data collection spanning ten years, with clinical measures of waist cir-

cumference, height and weight. Participants completed the Centre for Epidemiologic Stud-

ies Depression (CES-D) and Short Form 36 health questionnaires (SF-36 general health

domain). An area-level SES measure, relative location factor, was derived from hedonic

regression models using residential property features but blind to location. Growth curve

models with latent variables were fitted to data.

Results

Waist circumference, BMI and depressive symptoms increased over time. General health

and relative location factor decreased. Worsening general health and depressive symptoms

predicted worsening waist circumference and BMI trajectories in covariate-adjusted models.

Diminishing relative location factor was negatively associated with waist circumference and

BMI trajectories in unadjusted models only.
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Conclusions

Worsening depressive symptoms and general health predict increasing adiposity and sug-

gest the development of unhealthful adiposity might be prevented by attention to negative

changes in mental health and overall general health.

Introduction

Excess waist circumference and body mass index (BMI) are associated with the development

of chronic diseases including cardiovascular diseases and type 2 diabetes [1]. The prevalence of

overweight (BMI� 25kg/m2) and obesity (BMI� 30kg/m2) is rising worldwide [1, 2]. In Aus-

tralia, the prevalence of overweight/obesity has been steadily increasing, from 56.3% in 1995 to

61.4% in 2007–08, 62.8% in 2011–12, and 63.4% in 2014–15 [3, 4]. Similarly, the prevalence of

abdominal adiposity determined by waist circumference (men:� 94cm; women:� 80cm),

rose from 45.0% in 1995 to 59.6% in 2007–08, then to 63.0% in 2011–12, slightly lessening to

62.1% in 2014/15 [3–5].

Individual-level sociodemographic characteristics, including socio-economic status (SES),

are robustly linked to abdominal adiposity and overweight/obesity. Rising waist circumference

and BMI are positively related to increasing age but inversely related to income and education,

frequently used as individual SES measures, and subjective social status [6, 7]. Cross-sectional

and longitudinal studies have documented inverse associations between obesity and individual

SES measures, adjusting for demographic variables [8, 9]. In another longitudinal study, early-

life family-level SES, measured as the family income-to-needs ratio at 1 month of age, subse-

quently predicted poor weight status in adolescence (elevated BMI at age 15 years) [10]. The

relationship between early life SES and adolescent weight was mediated by maternal depressive

symptoms [10].

Evidence of a link between mental ill health and obesity is important. Emotional and beha-

vioural alterations are well established as related to multifaceted metabolic dysfunction [11].

Longitudinal studies have reported that greater depression or depressive symptoms increases

the risk of developing obesity [12]. This relationship also runs the other way, with obesity

linked to future developments of depression or depressive symptoms [12–14]. Some research-

ers have suggested that a ‘metabolic-mood syndrome’, defined as the state where alterations in

the mood and the metabolism are clinically connected and mutually influencing each other

[11], may exist. This link is arguably more than just the co-occurrence of mood symptoms and

obesity [11, 13]. Longitudinal studies support a greater likelihood of depression leading to or

causing obesity than obesity causing depression, with depression being a stronger risk factor

for obesity than obesity for depression [12, 15].

Residential environment features, which define the context in which people live and the

composition of people sharing a given context [16], contribute to health inequalities [17, 18].

Following the conceptual model of neighborhoods and health [19], studies have shown that

residential environment features, such as the physical built environment and area-level SES,

also play an important role in the development of obesity as physical and social environment

features shape attitudes and health behaviors beyond individual-level characteristics [17].

Physical built environment refers to the human-made context in which human activity

takes place. It includes features like healthy food access, public open space, community gar-

dens, walkability and bikability, the presence of these resources shaping, to greater or lesser

degrees, the health and wellness of local communities’ residents [20, 21]. Studies have shown
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that walkability, availability of public open space (POS) and healthful food outlets were all

inversely related to weight status and obesity, while proximity to fast food was positively asso-

ciated with weight status and obesity [9, 19, 22]. Studies demonstrated that local areas provid-

ing accessible built environmental factors conducive to physical activity (e.g., high walkability,

mixed land use, retails areas for necessities of life) had consistently lower BMI [19, 22].

The social environment, in contrast to the physical built environment, is defined as the

aggregated socio-economic features of areas expressing the composition of the residential area.

It is most often expressed as area-level income and/or education, these being inversely related

to unhealthful weight [23, 24]. Other measures of area-level SES have also been used, for exam-

ple, the index of local area deprivation [25] and the index of relative social disadvantage [26],

similarly found to be inversely related to rising body weight [27–29]. In Australian adults,

greater increases in weight [5, 30] and waist girth have been observed for people in areas with

greatest area-level socioeconomic disadvantage [5]. Recent studies have also included residen-

tial property values in the features of physical built environment to derive indices of both indi-

vidual-level and area-level SES [31–34]. Studies showed that lower property values were linked

to higher BMI and higher risk of obesity [8, 9, 34] as well as to higher cardiometabolic risks

[31, 35].

Both physical built environments and social environments (proxied by area-level SES) are

the key components of residential area features involved in this study. Given the links between

physical built and social environmental features and both obesity and overweight beyond the

individual-level characteristics [19, 36], it has been suggested that intervention strategies tar-

geting obesity should include local area approaches [19, 22]. The merit of this proposition,

however, requires assessment. Much of the research linking residential environment features

to obesity is cross-sectional in design. More longitudinal studies are needed to provide strong

evidence upon which to base intervention strategies. In addition, another limitation of much

research to date is that analyses are adjusted only for a few individual-level covariates, notably

demographic variables (e.g. age, sex, marital status, etc.) and SES indicators (e.g., education

and income) [12].

Although adjustment for individual SES covariates is helpful, this strategy fails to account

for the larger potentially confounding influence of the broader social environment as defined

by the aggregated features of all individuals residing in a given area, not just the features of sur-

vey respondents or cohort participants. Correspondingly, as area-level SES covaries with phys-

ical built environmental features [37], analyses that account for the built environment are

needed to estimate the independent effects of area-level SES, and factors shaped by area-level

SES such as depression, on unhealthful weight.

Whilst some studies estimating environmental features on health do adjust analyses for

built and social environmental features or feature such factors in complementary pathways

[35, 38], this comprehensive approach to improving the estimation of the impact of environ-

mental factors is not yet widely practiced. A thorough accounting is important because,

although residential environment features such as area-level SES and individual psychosocial

factors including mental disorders have been separately linked to abdominal adiposity and

overweight/obesity, no study has yet estimated the concurrent impacts of residential environ-

ment features and individual-level psychosocial factors on waist circumference and BMI tra-

jectories. Doing so could offer important insights as to the interrelationships shaping

unhealthful body weight, because residing in a low SES area could indirectly shape unhealthful

weight through a high incidence of depression that has additional impacts on weight, beyond

the direct impact of a low SES area on healthful weight.

A particularly important consideration is how changing social and built environments relate

to changes in outcomes and intermediate variables. Few studies have considered changes in

Trajectories of waist circumference, body mass index, depression, general health and area socioeconomic status

PLOS ONE | https://doi.org/10.1371/journal.pone.0227029 January 8, 2020 3 / 19

https://doi.org/10.1371/journal.pone.0227029


residential environment features in relation to changes over time in weight trajectories. Of

those that have, improvements in local-area food and physical activity environments were

associated with reductions in BMI among persons who were obese or overweight at baseline

after adjustment for individual-level covariates including duration of residence in the area,

baseline BMI categories (normal, overweight, obese) [39]. Similarly, increases in the intensity

of local-area development (e.g., higher density of walking destinations and population density)

were associated with decreases in BMI and waist circumference after adjustment for individ-

ual-level covariates including self-rated health, cancer diagnosis and an indicator of moving

during the follow-up period [36].

This study assessed the effects of baseline levels and rates of change in depressive symptoms,

general health and area-level SES index derived from residential property values and operatio-

nalised as relative location factor, on trajectories of waist circumference and BMI, accounting

for baseline covariates including individual-level socio-demographic factors, physical built and

social environment indicators.

To our knowledge, no study has yet concurrently assessed whether changes in area-level

SES and individual-level psychosocial factors predict changes in weight trajectories. Under-

standing these relationships has important implications for interventions to prevent over-

weight/obesity in urban planning and public health, as well as for clinical practice where

shifting mental health and knowledge of the implications of patient locations could shape

more effective, tailored weight treatment and maintenance strategies.

Materials and methods

This study was part of the Place and Metabolic Syndrome (PAMS) project, which assessed the

influence of local-area environments on individual-level cardiometabolic risks. The PAMS

project utilised biomedical cohort data from the 10-year North West Adelaide Health Study

(NWAHS) conducted in metropolitan Adelaide (South Australia) [40, 41]. The NWAHS

cohort participants were observed across three waves with 4056 adult (aged 18 years or older,

range: 18–90) participants at baseline (2000–3), n = 3205 (79% of the baseline sample) at Wave

2 (2005–06), and n = 2487 (61.3% of baseline) at Wave 3 (2008–10).

Not all NWAHS participants (n = 15) had addresses for which a geo-reference point could

be assigned, with a resultant NWAHS baseline sample of n = 4041. The geocoded cohort sam-

ple was broadly representative of the Adelaide metropolitan population at that time, though

older individuals were slightly over-represented and younger individuals under-represented

[38]. As participants were nested within suburbs, the sample was restricted to participants who

resided in suburbs with at least 5 participants (50 participants lost). The study was limited to

participants living in metropolitan area at wave 1 (65 participants lost). Participants were

excluded from the analytic sample if they moved their place of residence during the follow-up

period between the first and second clinical visits (1185 participants lost). The analytic sample

for this study comprised NWAHS participants with a geocoded residential address, living in

an urban suburb with> = 5 participants and who had completed at least two of the three

waves of data collection. The final analytic sample included 2871 participants, distributed

within 126 suburbs, with 10.8% of the sample residing in the most disadvantaged areas (com-

pared to 33.2% living in least disadvantaged areas).

Self-reported socio-demographic, psychosocial, and residential address information was

collected via computer-assisted telephone interviews and paper questionnaires. Anthropomet-

ric data were measured at clinic visits at each wave. The participant residential address was

used to create a geo-reference point enabling spatial joining with other datasets through a geo-

graphic information system.
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Written informed consent was provided by all participants at each wave of data collection.

Ethics approval for the PAMS Project was granted from three Human Research Ethics Com-

mittees: University of South Australia (P029-10 and P030-10); Central Northern Adelaide

Health Service (Queen Elizabeth Hospital; Application No. 2010010); and South Australian

Department for Health and Ageing (Protocol No. 354/03/2013). Additional information on

the NWAHS cohort has previously been published elsewhere [38, 41].

Measures

Outcomes of interest were trajectories of waist circumference and BMI, expressed using latent

variables. Waist circumference, height and weight (for BMI as kg/m2) were measured by

trained clinical staff during clinic visits. Waist circumference was measured to the nearest 0.1

cm using an inelastic tape maintained in a horizontal plane, with the subject standing comfort-

ably with weight distributed evenly on both feet. Height was measured using a wall-mounted

stadiometer (without shoes, to the nearest 0.5 cm). Weight was measured using standard elec-

tronic scales (light clothing without shoes, to the nearest 0.1 kg) [40, 41].

Independent variables were also trajectories (baseline and rate of change) of depression,

general health and relative location factor, expressed as latent variables. Depressive sympto-

mology was obtained using the Centre for Epidemiologic Studies Depression scale (CES-D)

questionnaire, a validated screening test for depression and depressive disorders among gen-

eral populations. The CES-D includes 20 questions where each item is rated by the participant

on a 4-point Likert scale (coded from 0 to 3) with answers ranging from “Rarely or none of the

time” to “Most or all the time”. Each item describes how the participant felt or behaved during

the past week; for example: “I was bothered by things that usually don’t bother me” and “I

talked less than usual”. Scores can range from 0 to 60, with higher scores indicating more

depressive symptoms [42]. The CES-D has been used in many studies and has demonstrated

moderate to high levels of validity and reliability [42, 43]. Depressive symptomology was only

collected at waves 2 and 3, not at baseline.

General health measure was collected and expressed using the general health domain of the

short form (SF) health status questionnaire (SF-36) [44]. The general health domain assesses

the individual’s general health perceptions using 5 item contents. The first item is a subjective

rating of health, worded as “Is your health: excellent, very good, good, fair, poor?”. The other

four items express levels of agreement on each of the following content statements: “Seem to

get sick a little easier than other people” (Sick easier); “As health as anybody I know” (As

healthy); “Expect my health to get worse” (Health to get worse); “Health is excellent” (Health

excellent) [45, 46]. The SF-36 general health domain was scored using the original 0–100 scor-

ing algorithms based on summated ratings [44]. Studies of the SF-36 general health domain

have yielded content, concurrent, criterion, construct, predictive evidence of validity and test-

retest reliability [44, 47] with levels of internal consistence between 0.59–0.79, and estimates of

reliability about 0.84 for the general health domain.

The relative location factor, an area-level SES index, was calculated based on individual resi-

dential property values. It is derived from a hedonic regression model built using residential

property value sales transactions and selected residential property features, but blind to loca-

tion, and expressed as the ratio of the actual price to the predicted price from the regression

model [31]. The relative location factor has previously been used as an objective measure of

local area (as opposed to individual) SES that emphasised the relative value of the location

(where you live) rather than the residential property (what you live in) [32, 35].

A more traditional and commonly used expression of area-level SES, the index of relative

socioeconomic disadvantage (IRSD), was also included as a covariate within analytic models.

Trajectories of waist circumference, body mass index, depression, general health and area socioeconomic status
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The IRSD, one of the socioeconomic indexes for areas, is a composite measure of deprivation

constructed by the Australian Bureau of Statistics and derived from the 2001 Census [26].

Built environment measures used as covariates within analytic models, included: walkabil-

ity; active public open space with physical activity resources (e.g., tennis courts); and a retail

food environment index. These measures were operationalised within buffers constructed by

radiating 1.6 km (approximately 1 mile) along the road network from each cohort participant’s

residential address [48, 49]. This distance represents what is covered by an average adult walk-

ing for approximately 20 minutes [50].

The walkability index was constructed as the sum of deciles for dwelling density, road net-

work density, and land use mix [51]. Availability of active public open space was defined as the

count of active public open spaces (# parks) [52]. The retail food environment index, indicat-

ing the relative ‘unhealthfulness’ of the food environment, was expressed as the ratio of

unhealthful food stores to healthful food stores, where unhealthful stores included major fast-

food franchises and independent fast-food take-away stores, bakeries, sweet food retailers and

convenience stores. Healthful stores included greengrocers, butchers, supermarkets

(with > 200 m2 floor space), relatively healthful take-away options and health food shops [49].

Statistical methods

Growth curve models using latent variables and a structural equations modelling (SEM)

approach [53, 54] estimated the magnitude of relationships between the trajectories of the out-

come measures (waist circumference or BMI), and changes in predictor variables (depression,

general health and relative location factor). Models were adjusted for age, sex, education,

income, smoking status, marital status, area-level SES (traditional expression) and built envi-

ronment factors. The two latent variables, expressing baseline average (intercept) and rate of

change over time (slope), were constructed for each outcome measure (waist circumference

and BMI), and their key predictors (depression, general health, and relative location factor).

Given three data waves over ten years, only linear growth curves were considered [54].

Unequally spaced times of measurements were used to define the trajectories rather than

waves of assessment [55, 56]. The estimation process of models’ parameters within the struc-

tural equations approach relied on the full information maximum likelihood (FIML) approach

that handles missing data and unequal time points, under the assumption that data are missing

completely at random or at least at random with full models including at the individual level

age, sex, education, income, smoking status as covariates or auxiliary variables [56, 57]. FIML

estimation requires as well that observed outcome variables be derived from a multivariate

normal distribution [55, 58].

Initial models estimated unadjusted associations between outcomes (waist circumference

or BMI) and predictors (depression, general health, or relative location factor), including only

one outcome measure and one main predictor at a time. For example, associations between

the latent variables for relative location factor and waist circumference were modelled such

that the intercept latent variable for relative location factor (i.e., baseline relative location fac-

tor) predicted intercept and slope for waist circumference, and the slope for relative location

factor (i.e., change in relative location factor) predicted the slope for waist circumference.

These models explored the directionality of associations between BMI, waist circumference,

depression and general health (e.g., depression and general health predicting baseline and

change in BMI and waist circumference, and conversely, BMI and waist circumference pre-

dicting baseline and change in depression and general health). The focus of the study

remained, however, the direction from depression or general health to BMI or waist

circumference.
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Separate models using either depression or general health as main predictors were then fit-

ted for each outcome variable (waist circumference and BMI). These models included: relative

location factor latent variables, built environment indicators, index of relative socioeconomic

disadvantage (area-level SES), and individual-level age, sex, education, income, smoking status

as covariates. An example of a full path diagram of the modelled relationships includes both

baseline status and change in waist circumference as outcomes, and baseline status and change

in both general health and relative location factor as predictors (Fig 1). Analyses were per-

formed using Mplus version 8 [53]. Statistical significance was set at 5% alpha.

Results

Compared to the whole cohort at baseline, the analytic sample was on average 1.8 years older

(significant difference with p<0.0001), but differed slightly and non-significantly in propor-

tions for: education (1.8% more low education); marital status (2.9% more married or in de

facto union); income (0.1% more in low income category); sex (0.9% less males); and smoking

status (1.8% less smokers). The average follow-up was 10.4 years (minimum = 9.5, maxi-

mum = 11.6, and median = 10.5 years). Summary statistics (Table 1) show changes in sample

mean values for variables measured over time (waist circumference, BMI, depression, general

health, and relative location factor).

These changes were confirmed by estimated parameters (latent variable slopes) of the

growth curves (Table 2). Waist circumference, BMI and depression each increased over time

(waist circumference: 0.340 cm per year [95%CI: 0.295, 0.385]; BMI: 0.090 kg/m2 per year

[95%CI: 0.074, 0.106]; depression: 0.555 points per year [95%CI: 0.451, 0.659]), while general

health and relative location factor decreased (general health: -0.282 points per year [95%CI:

-0.360, -0.204]; LVF: -0.019 points per year [95%CI: -0.043, 0.005]) (the decrease for relative

location factor was not statistically significant).

Fig 1. Full path diagram of the growth curve model for waist circumference. This path diagram illustrates the conceptual model of

waist circumference trajectories as predicted by general health (GH) and Relative Location Factor (RLF) trajectories adjusting for various

covariates. Subscripts 1 to 3 indicate measurements taken at waves 1 to 3; t1 to t3 represent unequal observation times; GH: General

Health; RLF: Relative Location Factor; IRSD: Index of Relative Socioeconomic Disadvantage; POS: Public Open Space (# active parks);

RFEI: Retail Food Environment Index. A path diagram model for predicting BMI trajectories can be done similarly.

https://doi.org/10.1371/journal.pone.0227029.g001
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Unadjusted relationships between waist circumference, BMI, depression, general health

and relative location factor trajectories are given in Table 2 (simple regression coefficients

resulting from intercept regressed on intercept (βII); slope regressed on intercept (βSI); slope

regressed on slope (βSS); standard error (SE)). Increasing (worsening) depression was associ-

ated with increases in both waist circumference and BMI (βSS-coefficients: 0.115 [95%CI:

0.041, 0.189] and 0.037 [95%CI: 0.013, 0.061], respectively). Changes in general health and rel-

ative location factor were both inversely associated with change in waist circumference (βSS-

coefficient for general health: -0.650 [95%CI: -0.728, -0.572]; βSS-coefficient for relative loca-

tion factor: -9.575 [95%CI: -11.445, -7.705]) and change in BMI (βSS-coefficient for general

health: -0.208 [95%CI: -0.312, -0.104]; βSS-coefficient for relative location factor: -6.130 [95%

CI: -7.353, -4.907]. That is, worsening general health (i.e., decreasing over time) was associated

with increasing waist circumference and BMI. Similarly, worsening relative location factor was

associated with increasing waist circumference and BMI.

Although not the focus of the study, the potential bidirectionality of associations suggested

by the literature was supported by the results provided in Table 2. Results showed that BMI

does predict significantly both depression and general health trajectories. Models with waist

Table 1. Descriptive statistics of the analytic sample and associated area-level factors.

Variables Sample size Mean or proportion Standard Deviation

Individual-level characteristics (baseline unless otherwise stated)
Age (years) 2871 52.19 15.54

Sex (male: %) 2871 46.88 -

Education (Low: %) 2871 48.55 -

Income (Low: %) 2812 31.47 -

Smoking status (Yes: %) 2827 17.01 -

Married or De facto (Yes: %) 2861 63.98 -

Waist circumference (cm) Wave 1 2869 91.91 14.46

Waist circumference (cm) Wave 2 2593 94.79 14.42

Waist circumference (cm) Wave 3 1978 95.26 14.60

BMI (kg/m2) Wave 1 2871 27.98 5.38

BMI (kg/m2) Wave 2 2613 28.22 5.48

BMI (kg/m2) Wave 3 1979 28.70 5.36

Depression (CES-D) Wave 2 2814 6.34 8.28

Depression (CES-D) Wave 3 2041 8.76 9.13

General Health Wave 1 2861 68.00 20.09

General Health Wave 2 2638 67.99 19.98

General Health Wave 3 2083 66.87 19.52

Environmental features
Relative Location Factor Wave 1 2815 5.57 2.89

Relative Location Factor Wave 2 2804 5.46 2.90

Relative Location Factor Wave 3 2140 5.50 2.89

Retail Food Environment Index 2871 2.26 1.53

Active Public Open Space Count 2871 5.77 2.96

Walkability index 2865 16.34 5.91

IRSD (Area-level SES) 2871 956.94 104.29

Notes

BMI: Body Mass Index; CES-D: Centre for Epidemiologic Studies Depression scale; IRSD: Index of Relative Socioeconomic Disadvantage; SES: Socio-Economic Status.

https://doi.org/10.1371/journal.pone.0227029.t001
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circumference as a predictor were statistically significant for general health. In addition,

change in waist circumference did predict significantly significant changes in depression.

Results of the fully adjusted growth curve models (i.e., adjusted for individual-level sociode-

mographic, area-level SES (traditional expression) and residential built environment features)

are presented in Table 3. For the outcomes of interest, baseline general health was inversely

and statistically significantly associated with baselines of waist circumference (β-coefficient:

-0.163 [95%CI: -0.198, -0.128]) and BMI (β-coefficient: -0.059 [95%CI: -0.075, -0.043]). Base-

line relative location factor was also inversely related to baseline waist circumference and base-

line BMI, though associations were not statistically significant.

Regarding longitudinal relationships in the fully adjusted models, baseline values for

depression, general health and the relative location factor were not significantly associated

with changes in waist circumference or BMI. However, increasing depression and worsening

general health were each statistically significantly associated with increases in waist circumfer-

ence (depression, β-coefficient: 0.087 [95%CI: 0.023, 0.151]; general health, β-coefficient:

-0.193 [95%CI: -0.294, -0.092]) and BMI (depression, β-coefficient: 0.022 [95%CI: 0.001,

0.043]; general health, β-coefficient: -0.046 [95%CI: -0.079, -0.013]). The decrease in the rela-

tive location factor values was not significantly associated with changes in waist circumference

or in BMI.

Among area and individual level covariates: index of relative socioeconomic disadvantage

was statistically significantly inversely associated with baseline values of waist circumference

Table 2. Trajectories of waist circumference, body mass index, depression, general health and relative location factor: estimated intercept (I) and slope (S) coeffi-

cients and standard errors (SE).

Variables Estimated Trajectories: intercept [I (SE)] and slope [S (SE)] Pairwise associations between trajectories: Beta-coefficients
for intercepts and slopes (SE)
Waist circumference Body mass index

Depression n = 2490

I = 2.904 (0.394) ����

S = 0.555 (0.053) ����

βII = 0.932 (1.959)

βSI = 0.054 (0.029)

βSS = 0.115 (0.038) ���

βII = 0.295 (0.154)

βSI = 0.025 (0.012) ��

βSS = 0.037 (0.012) ���

General Health n = 2713

I = 69.108 (0.483) ����

S = -0.282 (0.040) ����

βII = -0.234 (0.020) ����

βSI = -0.007 (0.001) ����

βSS = -0.650 (0.040) ����

βII = -0.071 (0.008) ����

βSI = -0.001 (0.001)

βSS = -0.208 (0.053) ����

Relative Location Factor n = 2373

I = 5.676 (0.320) ����

S = -0.019 (0.012)

βII = -0.583 (0.115) ����

βSI = -0.022 (0.008) ���

βSS = -9.575 (0.954) ����

βII = -0.217 (0.041) ����

βSI = -0.007 (0.003) ���

βSS = -6.130 (0.624) ����

Variables Pairwise associations between trajectories: Beta-coefficients
for intercepts and slopes (SE)
Depression General Health

Waist Circumference (cm) n = 2869

I = 92.179 (0.324) ����

S = 0.340 (0.023) ����

βII = 0.015 (0.013)

βSI = 0.002 (0.002)

βSS = 0.278 (0.103) ���

βII = -0.358 (0.028) ����

βSI = -0.023 (0.002) ����

βSS = -1.032 (0.111) ����

Body Mass Index (kg/m2) n = 2871

I = 27.731 (0.125) ����

S = 0.090 (0.008) ����

βII = 0.110 (0.035) ���

βSI = 0.012 (0.005) ��

βSS = 0.539 (0.183) ���

βII = -0.767 (0.077) ����

βSI = -0.046 (0.006) ����

βSS = -0.855 (0.294) ���

Notes

P-values

����: p<0.001

���: p<0.01

��: p<0.05

�: p<0.1

I: Intercept; S: Slope; SE: Standard Error; βI: regression coefficient associated to intercept; βS: regression coefficient associated to slope.

https://doi.org/10.1371/journal.pone.0227029.t002
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Table 3. Growth curve models predicting baseline and change in waist circumference and body mass index.

Outcome: Waist Circumference Outcome: Body Mass Index

Intercept (SE) Change (SE) Intercept (SE) Change (SE)

Depression (n = 2386)

Depression1: Intercept 0.101 (0.098) 0.010 (0.007) 0.045 (0.054) 0.003 (0.003)

Change - 0.087 (0.033) ��� - 0.022 (0.011) ��

RLF1: Intercept -0.234 (0.143) -0.017 (0.019) -0.064 (0.061) -0.003 (0.005)

Change - -2.172 (1.838) - -0.422 (0.445)

Age 2.603 (0.312) ���� -0.135 (0.026) ���� 0.425 (0.111) ���� -0.085 (0.008) ����

Sex (male) 12.543 (0.588) ���� -0.086 (0.046) � 0.533 (0.251) �� -0.022 (0.014)

Education2: Low 1.498 (0.533) ��� -0.025 (0.040) 0.558 (0.227) �� 0.004 (0.013)

Income2: Low 0.461 (0.751) 0.014 (0.055) 0.143 (0.307) -0.010 (0.020)

Smoking (Yes) -2.666 (0.820) ��� 0.284 (0.064) ���� -1.184 (0.347) ��� 0.065 (0.024) ���

Married/De facto (Yes) 0.430 (0.594) -0.045 (0.055) 0.351 (0.226) -0.022 (0.016)

Walkability 0.316 (0.302) -0.008 (0.026) 0.048 (0.119) -0.006 (0.009)

RFEI -0.076 (0.270) 0.022 (0.022) -0.135 (0.125) 0.009 (0.007)

POS Count -0.271 (0.357) 0.007 (0.024) -0.045 (0.125) -0.003 (0.007)

IRSD (Area-level SES) -1.153 (0.410) ��� 0.003 (0.030) -0.542 (0.166) ��� -0.002 (0.010)

AIC = 102734.709 AIC = 88815.722

GH (n = 2394)

GH1: Intercept -0.163 (0.018) ���� -0.001 (0.001) -0.059 (0.008) ���� <0.001 (<0.001)

Change - -0.193 (0.052) ��� - -0.046 (0.017) ���

RLF1: Intercept -0.206 (0.137) -0.019 (0.015) -0.055 (0.059) -0.004 (0.005)

Change - -1.876 (1.256) - -0.457 (0.400)

Age 2.366 (0.298) ���� -0.155 (0.027) ���� 0.339 (0.110) ��� -0.089 (0.009) ����

Sex 11.876 (0.570) ���� -0.095 (0.046) �� 0.291 (0.248) -0.024 (0.014) �

Education: Low 1.114 (0.517) �� -0.014 (0.042) 0.411 (0.221) � 0.005 (0.015)

Income: Low -0.322 (0.745) 0.032 (0.056) -0.127 (0.303) -0.005 (0.020)

Smoking -3.653 (0.817) ���� 0.290 (0.061) ���� -1.530 (0.350) ��� 0.068 (0.024) ���

Married/De facto (Yes) 0.505 (0.588) -0.048 (0.055) 0.375 (0.227) � -0.023 (0.016)

Walkability 0.254 (0.292) -0.006 (0.026) 0.026 (0.115) -0.005 (0.009)

RFEI -0.169 (0.276) 0.021 (0.021) -0.167 (0.127) 0.009 (0.007)

POS Count -0.284 (0.342) 0.008 (0.023) -0.048 (0.118) -0.003 (0.007)

IRSD (Area-level SES) -0.966 (0.401) �� 0.003 (0.029) -0.479 (0.163) ��� -0.003 (0.010)

AIC = 135112.174 AIC = 121210.022

Notes

P-values identified

����: p<0.001

���: p<0.01

��: p<0.05

�: p<0.10

: p>0.10
1latent variables with intercept (baseline) and slope (rate of change over time)
2Reference category “high” education; CES-D: Centre for epidemiologic studies depression scale; SF36GH: Short Form (36) general quality of health scale; RLF: Relative

Location Factor (proxy of area-level SES measure); Walkability: Walkability index; RFEI: Retail food environment index; POS Count: Count of active public open spaces

(# parks); IRSD: Index of Relative Socioeconomic Disadvantage (Australian Bureau of Statistics Socio-Economic Indexes For Areas measure); AIC: Akaike Information

Criterion.

https://doi.org/10.1371/journal.pone.0227029.t003
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and BMI trajectories; age was directly associated with baseline waist circumference and BMI

but inversely related to change in the outcomes over time; similarly, sex (male relative to

female) was directly related to baseline waist circumference but inversely associated with

change in waist circumference, though at borderline significance (p<0.10) in the waist circum-

ference model including depression; sex was directly associated with baseline BMI only in

models including depression, and inversely associated with change in outcomes over time, at

p<0.10 for the model involving general health; education (low compared to high) was directly

related to baseline waist circumference and BMI, at p<0.10 in the BMI model including gen-

eral health; and lastly, being a smoker was associated with baseline outcome measures (inverse

associations) and change in outcomes over time (positive associations).

Fully adjusted waist circumference and BMI latent growth models were more parsimonious

(smaller AIC values), compared to corresponding intercept-only models in which only the

means (intercept and covariates), variances (intercept and covariates) and residual variances

are free parameters. Conventional fit indices for SEM (e.g., χ2, CFI and TLI, RMSEA, SRMR)

[59, 60] have not been reported here since they are not available for complex growth curve

models fitted to time-unbalanced longitudinal data using the structural equation modelling

(SEM) approach [61].

Discussion

This study assessed the independent associations between baseline status and change in

depression, general health and relative location factor, and change in waist circumference and

BMI, accounting for individual and area level covariates. For our population of predominantly

middle-aged adults in Adelaide, we conclude that 1) worsening depressive symptomology is

related to increases in waist circumference and BMI, 2) worse baseline general health is associ-

ated with greater waist circumference but not BMI at baseline, and worsening general health is

related to increases in waist circumference and BMI, and 3) neither baseline status nor change

in a resident-specific expression of area-level SES were statistically related to baseline status

and change in either waist circumference or BMI, whilst a traditional measure of area-level

SES, expressed only at baseline, was inversely related to baseline waist circumference and BMI

but not to changes in these measures over time.

Our findings on associations between depression and anthropometric measures of adipos-

ity align with the results from previous work in this area [12, 13, 62, 63]. Miller et al. [62] in

their pathway models found that the primary causal pathway was from depression to increased

adiposity (possibly through physical inactivity) and to an increase in inflammatory markers.

On the other hand, Luppino et al. [12] in their meta-analysis of longitudinal studies

highlighted a bidirectional association between depression and obesity (especially abdominal

adiposity) in which prior obesity increased the risk for depression and depression increased

the likelihood of subsequent obesity. In univariate analyses, our results indicated bidirectional

associations. Our results, and those of Shelton and Miller [63] and Luppino et al. [12], all indi-

cate that further longitudinal research is needed to elucidate the temporal pathways underlying

depression-obesity associations, including both mediating and moderating factors such as

alcohol and tobacco consumptions and dietary patterns.

Significant inverse associations between health-related quality of life and BMI have simi-

larly been highlighted elsewhere. Cameron et al. indicated a bi-directional association,

although in their study, baseline scores of one variable were used to predict changes over time

in scores of the other variable and vice versa [64]. In other studies, waist circumference exhib-

ited strong inverse associations with SF-36 dimensions including general health, but these

associations were either cross-sectional and/or limited to specific sex and age groups [65].
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Our findings of negative effects of both area-level SES measures (relative location factor

and index of relative socioeconomic disadvantage) on BMI and waist circumference at baseline

(inverse relationships or associations), although non-significant for relative location factor in

adjusted models, are to some extent consistent with previous literature [9, 27–29, 66].

Both relative location factor measures (baseline and rate of change), were significantly

inversely associated with both BMI and waist circumference trajectories in unadjusted models,

but the associations became non-significant in adjusted models. These findings align with

what other studies reported. In two cross-sectional studies, using residential property values,

Drewnowski et al. found an inverse association with BMI values among women [67], and with

obesity risk in Seattle and Paris [8]. In longitudinal studies, authors reported strong and

inverse associations between baseline residential property values and the baseline obesity prev-

alence [9, 68], but no significant association for either one-year weight change [9], or with

one-year change in BMI values [68].

In our study, the index of relative socioeconomic disadvantage, commonly used measure of

area-level SES in Australia, had significant negative associations with baseline values but not

rates of change for both BMI and waist circumference (non-significant inverse relationships).

This is inconsistent with some study findings reported for BMI and for central adiposity.

Indeed, Berry et al. [27] found that area-level SES was inversely related to change in BMI,

while Kwarteng et al. [66] reported that local high poverty areas were more likely to reflect

increases in central adiposity rates over time, after adjustment for individual covariates. Fur-

thermore, Coogan et al. [29] reported an inverse relationship between area-level SES and

weight gain among women, and Powell-Wiley et al. [28] confirmed this relationship for both

genders. They found that the association between weight change and area-level deprivation

was modified by length of residence in the neighborhood location [28].

Other studies reported findings consistent with ours, although based on the prevalence of

obesity and weight gain. Indeed, Drewnowski et al. [9, 68] reported that traditional area-level

SES had no significant impact on the short-term 12-month weight change but a strong and

inverse association with baseline obesity prevalence. They speculated that weight trajectories

may be driven by individual and behavioural factors rather than local area SES [68]. This aligns

with our findings where individual depression symptoms and general health status appear sig-

nificantly more important than both the relative location factor and the index of relative socio-

economic disadvantage.

Features of physical and social environments have been linked to general health and mental

health (especially depressive symptoms) which are, in turn, linked to overweight/obesity and

abdominal adiposity. Therefore, studies examining residential environment features, in the

context of both BMI and waist circumference changes, should be considered within the same

conceptual framework of neighborhoods and health, looking at both individual-level and area-

level features simultaneously. Reported studies are limited by the absence of models which

account for various pathways involved in the BMI/waist circumference and depressive symp-

tomatology/general health/area-level SES relationships, including the mediation and modera-

tion processes. Such models would help to understand the proximal and distal impacts of both

depression and general health (proximal) as well as residential environment features (distal)

on waist circumference and BMI, after adjustment for individual covariates including socio-

demographics.

A key distinction of our analysis is that, accounting for other influences, we found no signif-

icant associations between any physical built environment feature and baseline or change in

waist circumference or BMI. This was unexpected but is well supported by our data and mod-

els, and is not untenable given the design limitations of much previous work, for example,

cross-sectional studies that have reported inverse associations between BMI and count of
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parks or proportion of land covered by park space [69], and positive associations between den-

sity of neighborhood fast food outlets and the risk of obesity among older adults [70]. Such

studies have a high risk of confounding and lack any basis for clarifying what comes first (tem-

poral antecedence). Far fewer longitudinal studies have examined these associations over time

[36, 71, 72]. Prospective studies that exist have reported 1) positive associations between

increasing weight and waist circumference and density of fast-food outlets, but inverse associa-

tions between walkability and weight and waist circumference [71] and 2) inverse associations

between BMI and waist circumference, and residential environment features including walk-

ability, density of walking destinations, population density and lower percent residential area

[36]. In one prospective study, however, the investigators noted that individual walkability

components, such as residential density, connectivity, and land use mix, were associated with

walking behaviours not obesity [72]. Few studies have included multiple built environment

factors concurrently within models, particularly when including individual psychosocial fac-

tors. Our finding of no significant link between built environment factors and adiposity

reflects such measures correlating with area-level SES, and thus confounding of the relation-

ship between built environment, BMI and waist circumference [35].

Our study did not aim to identify mediation mechanisms or moderation effects. Potential

moderators (e.g., age, sex, social support, environmental factors) could have been tested but

we strove to focus on main effects only, not sub-group analyses. This reflects small group sizes

and inadequate statistical power for evaluation. Further mediation and/or moderation analyses

will be needed to test the effects of neighbourhood factors including the food environment

(e.g., fast food outlets) and public open spaces (for physical activity) on waist circumference

and BMI, and the modulating effects of psychological factors. It is important also to investigate

group trajectories to determine specific patterns of change (in BMI and waist circumference)

and estimate the effects of both depression and general health within devised group

trajectories.

Strengths of this study include the prospective nature of the data collected and the length of

follow-up period, enabling examination of baseline status and change in predictors and out-

comes. The use of objective measures is another strength with clinically assessed anthropomet-

ric variables and built environment indicators from geographic information systems.

Depressive symptomology and general health on the other hand were not measured clinically,

but via self-reported responses to questionnaires. While reliable and valid, such measures may

bear more uncertainty which would bias model findings to the null. Therefore, relationships

reported here between depression and general health in relation to BMI/waist circumference

are likely under-reported.

The first key limitation of our study is the use of baseline measures for built environment

characteristics which do not express how long individuals were exposed to environmental fea-

tures, or whether the environment changed over the follow-up period. The second key limita-

tion is relative to models’ assumptions. For models’ parameter estimation, we first assumed

that both measurement and structural models are well defined. Second, with respect to the

measurement models, as frequently done, we assumed that error terms are uncorrelated across

waves and error variances are equal over time. Other limitations include the possibility of

residual confounding given the omission from models of relevant unmeasured influences at

both individual and neighborhood levels (e.g., individual physical activity and eating behav-

iors, medications such as anti-depressants, other area-level factors including safety or clean-

ness, and public transportation. Finally, the issue of missing data, particularly the attrition

across study waves, may have important effects on our findings, although the study attempted

to minimize these effects at the analysis stage. Indeed, to deal with missing data, we used the

full information maximum likelihood estimation approach and the inclusion of auxiliary
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variables into the SEM [57, 73]. However, we are unable to completely control for potential

bias due to the attrition, especially if this is due to self-selection [74, 75]. As other authors

pointed out, it is possible that non-random selection in or out of residential areas accounts for

some of the associations between residential environment features (e.g., area-level SES) and

BMI and waist circumference [76, 77].

Our study builds on and expands the literature on obesity, depressive symptomology and

general health. It highlights important directions of change over time in these measures, and

estimates the magnitude of associations between adiposity, depression and general health

while accounting for local area built and social environmental features. Our findings support

the importance that both depression and general health play in the evolution of adiposity over

time, suggesting that there may be potential benefits from the better management of individual

depressive symptoms to reduce the risk of increasing adiposity than a focus on the built envi-

ronment per se. We found little support for any impact of built environment on weight status

but some support for the influence of area-level SES on adiposity.

The study findings have clinical implications given the inter-relationships between depres-

sion, perceived general health, waist circumference and BMI, and the impact these anthropo-

metric measures of adiposity and overweight/obesity have as risk factors to chronic diseases

such as type 2 diabetes and cardiovascular diseases. As Davillas et al. pointed out, addressing

any of these problems in isolation would be ineffective [78]. There is a need of a multi-disci-

plinary management care and detailed clinical guidelines to help physicians prevent and treat

both mental health and obesity while promoting high quality of general and mental health

[78–80]. Moreover, the impairment in general and mental health, adiposity and overweight/

obesity and the need of clinical guidelines are clearly important in the primary care settings as,

in Australia, 75% of all medical consultations take place in general practice (GP)’s offices, and

more than 85% of the population access a GP each year [81]. Using GP-based data, Niyon-

senga et al. [82] pointed out high rates of co-occurrence of mental health and both asthma and

COPD as other chronic conditions to be considered. This justifies the necessity of a multi-

facet approach to overall management care to improve patients’ chronic conditions. This ser-

vice delivery needs to start in primary care settings and/or be a result of a shift from acute to

primary health care. Finally, as Fitzpatrick pointed out [83], the evidence-based guide for obe-

sity treatment in primary care puts the primary care physicians in the centre of the framework

to build and coordinate a multidisciplinary team that provides integrated care, and monitors

the different aspects of patient’s life as a whole to maximize the patient’s successful health man-

agement [13, 83].

Conclusions

Findings support the importance of depression and general health in the evolution of adiposity

over time. Depression and low quality of general health appear to be more important to

increasing adiposity than baseline measures of both built and social (area-level SES) environ-

ment features. It is plausible that the former (depression and general health) are more proxi-

mal at the individual level in the causal chain, therefore more likely to affect changes in waist

circumference and BMI, whereas the latter (residential environment features) have a more dis-

tal impact broadly.
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food availability in Montréal, Canada. Canadian Journal of Public Health/Revue Canadienne de Sante’e

Publique. 2009:189–93.

38. Carroll SJ. The contributions of compositional and contextual features of local residential areas to the

evolution of cardiometabolic risk over ten years in a population-based biomedical cohort [Doctoral The-

sis]. Adelaide: University of South Australia; 2017.

39. Barrientos-Gutierrez T, Moore KA, Auchincloss AH, Mujahid MS, August C, Sanchez BN, et al. Neigh-

borhood physical Environment and changes in body mass index: results from the Multi-Ethnic Study of

Atherosclerosis. American Journal of Epidemiology. 2017; 186(11):1237–45. https://doi.org/10.1093/

aje/kwx186 PMID: 29206987

40. Grant JF, Chittleborough CR, Taylor AW, Dal Grande E, Wilson DH, Phillips PJ, et al. The North West

Adelaide Health Study: detailed methods and baseline segmentation of a cohort for selected chronic

diseases. Epidemiologic Perspectives & Innovations. 2006; 3(1):4.

41. Grant JF, Taylor AW, Ruffin RE, Wilson DH, Phillips PJ, Adams RJ, et al. Cohort Profile: The North

West Adelaide Health Study (NWAHS). Int J Epidemiol. 2009; 38(6):1479–86. Epub 2008/12/17.

https://doi.org/10.1093/ije/dyn262 PMID: 19074192.

42. Devins G, Orme C, Costello C, Binik Y, Frizzell B, Stam H, et al. Measuring depressive symptoms in ill-

ness populations: Psychometric properties of the Center for Epidemiologic Studies Depression (CES-

D) Scale. Psychology & Health. 1988; 2:139–56.

43. Shafer A. Meta-analysis of the factor structures of fours depression questionnaires: Beck, CES-D. Ham-

ilton, and Zung. Journal of Clinical Psychology. 2005; 62(1):123–46.

44. Ware J, Gandek B. Methods for Testing Data Quality, Scaling Assumptions, and Reliability: The IQOLA

Project Approach. Journal of Clinical Epidemiology. 1998; 51(11):945–52. https://doi.org/10.1016/

s0895-4356(98)00085-7 PMID: 9817111

45. Anagnostopoulos F, Niakas D, Pappa E. Construct validation of the Greek SF-36 health survey. Quality

of Life Research. 2005; 14(8):1959–65. https://doi.org/10.1007/s11136-005-3866-8 PMID: 16155784

46. Ware J, Snow K, Kosinski M, Gandek B, Center. NEM. Health Institute SF-36 Health Survey: Manual

and interpretation guide. Boston, MA: The Health Institute New England Medical Center; 1993.

47. Sullivan M, Karlsson J, Ware J. The Swedish SF-36 Health Survey: Evaluation of data quality, scaling

assumptions, reliability, and construct validity across general populations in Sweden Social Sciences

and Medicine. 1995; 41:1349–58.

48. Coffee N, Howard N, Paquet C, Hugo G, Daniel M. Is walkability associated with a lower cardiometa-

bolic risk? Health Place. 2013; 21:163–9. https://doi.org/10.1016/j.healthplace.2013.01.009 PMID:

23501378

49. Paquet C, Coffee NT, Haren MT, Howard NJ, Adams RJ, Taylor AW, et al. Food environment, walkabil-

ity, and public open spaces are associated with incident development of cardio-metabolic risk factors in

a biomedical cohort. Health & Place. 2014; 28:173–6. http://dx.doi.org/10.1016/j.healthplace.2014.05.

001.

50. Bohannon RW. Comfortable and maximum walking speed of adults aged 20–79 years: reference val-

ues and determinants. Age and Ageing. 1997; 26(1):15–9. https://doi.org/10.1093/ageing/26.1.15

PMID: 9143432

51. Leslie E, Coffee N, Frank L, Owen N, Bauman A, Hugo G. Walkability of local communities: using geo-

graphic information systems to objectively assess relevant environmental attributes. Health and Place.

2007; 13(1):111–22. https://doi.org/10.1016/j.healthplace.2005.11.001 PMID: 16387522

52. Daker M, Pieters J, Coffee NT. Validating and measuring public open space is not a walk in the park.

Australian Planner. 2016; 53(2):143–51.

53. Muthen LK, Muthen BO. Mplus User’s Guide. 8th ed. Los Angeles, CA: Muthen & Muthen; 1998–

2017.

54. Singer JD, Willet JB. Applied longitudinal data analysis: Modeling change and event occurrence. New

York: Oxford University Press; 2003.

Trajectories of waist circumference, body mass index, depression, general health and area socioeconomic status

PLOS ONE | https://doi.org/10.1371/journal.pone.0227029 January 8, 2020 17 / 19

https://doi.org/10.1002/oby.20873
http://www.ncbi.nlm.nih.gov/pubmed/25136965
https://doi.org/10.1093/aje/kwx186
https://doi.org/10.1093/aje/kwx186
http://www.ncbi.nlm.nih.gov/pubmed/29206987
https://doi.org/10.1093/ije/dyn262
http://www.ncbi.nlm.nih.gov/pubmed/19074192
https://doi.org/10.1016/s0895-4356(98)00085-7
https://doi.org/10.1016/s0895-4356(98)00085-7
http://www.ncbi.nlm.nih.gov/pubmed/9817111
https://doi.org/10.1007/s11136-005-3866-8
http://www.ncbi.nlm.nih.gov/pubmed/16155784
https://doi.org/10.1016/j.healthplace.2013.01.009
http://www.ncbi.nlm.nih.gov/pubmed/23501378
http://dx.doi.org/10.1016/j.healthplace.2014.05.001
http://dx.doi.org/10.1016/j.healthplace.2014.05.001
https://doi.org/10.1093/ageing/26.1.15
http://www.ncbi.nlm.nih.gov/pubmed/9143432
https://doi.org/10.1016/j.healthplace.2005.11.001
http://www.ncbi.nlm.nih.gov/pubmed/16387522
https://doi.org/10.1371/journal.pone.0227029


55. Bollen KA, Curran PJ. Latent curve models: A structural equation perspective: John Wiley & Sons;

2006.

56. Curran PJ, Obeidat K, Losardo D. Twelve frequently asked questions about growth curve modeling.

Journal of cognition and development. 2010; 11(2):121–36. https://doi.org/10.1080/

15248371003699969 PMID: 21743795

57. Graham JW. Adding missing-data-relevant variables to FIML-based structural equation models. Struc-

tural Equation Modeling. 2003; 10(1):80–100.

58. Bentler PM, Chou C-P. Practical issues in structural modeling. Sociological Methods & Research. 1987;

16(1):78–117.

59. Preacher K. Latent growth curve models. The reviewer’s guide to quantitative methods in the social sci-

ences. 2010; 1:185–98.

60. Hooper D, Coughlan J, Mullen MR. Structural equation modelling: Guidelines for determining model fit.

Electronic journal of business research methods. 2008; 6(1):53–60.

61. Wu W, West SG, Taylor AB. Evaluating model fit for growth curve models: Integration of fit indices from

SEM and MLM frameworks. Psychological methods. 2009; 14(3):183. https://doi.org/10.1037/

a0015858 PMID: 19719357

62. Miller GE, Freedland KE, Carney RM, Stetler CA, Banks WA. Pathways linking depression, adiposity,

and inflammatory markers in healthy young adults. Brain, Behavior, and Immunity. 2003; 17(4):276–85.

https://doi.org/10.1016/s0889-1591(03)00057-6 PMID: 12831830

63. Shelton RC, Miller AH. Inflammation in depression: is adiposity a cause? Dialogues in Clinical Neurosci-

ence. 2011; 13(1):41–53. PMC3181969. PMID: 21485745

64. Cameron A, Magliano D, Dunstan D, Zimmet P, Hesketh K, Peeters A, et al. A bi-directional relationship

between obesity and health-related quality of life: evidence from the longitudinal AusDiab study. Interna-

tional journal of obesity. 2012; 36(2):295. https://doi.org/10.1038/ijo.2011.103 PMID: 21556045

65. Zaninotto P, Pierce M, Breeze E, Oliveira C, Kumari M. BMI and Waist Circumference as Predictors of

Well-being in Older Adults: Findings From the English Longitudinal Study of Ageing. Obesity. 2010; 18

(10):1981–7. https://doi.org/10.1038/oby.2009.497 PMID: 20075853

66. Kwarteng J, Schulz A, Mentz G, Israel B, Shanks T, Perkins D. Neighbourhood poverty, perceived dis-

crimination and central adiposity in the USA: independent associations in a repeated measures analy-

sis. Journal of Biosocial Science. 2016; 48(6):709–22. https://doi.org/10.1017/S0021932016000225

PMID: 27238086

67. Drewnowski A, Aggarwal A, Rehm CD, Cohen-Cline H, Hurvitz PM, Moudon AV. Environments per-

ceived as obesogenic have lower residential property values. American journal of preventive medicine.

2014; 47(3):260–74. https://doi.org/10.1016/j.amepre.2014.05.006 PMID: 25049218

68. Drewnowski A, Aggarwal A, Tang W, Hurvitz PM, Scully J, Stewart O, et al. Obesity, diet quality, physi-

cal activity, and the built environment: the need for behavioral pathways. BMC public health. 2016; 16

(1):1153. https://doi.org/10.1186/s12889-016-3798-y PMID: 27832766

69. Stark JH, Neckerman K, Lovasi GS, Quinn J, Weiss CC, Bader MD, et al. The impact of neighborhood

park access and quality on body mass index among adults in New York City. Preventive medicine.

2014; 64:63–8. https://doi.org/10.1016/j.ypmed.2014.03.026 PMID: 24704504

70. Li F, Harmer P, Cardinal BJ, Bosworth M, Johnson-Shelton D. Obesity and the built environment: does

the density of neighborhood fast-food outlets matter? American Journal of Health Promotion. 2009; 23

(3):203–9. https://doi.org/10.4278/ajhp.071214133 PMID: 19149426

71. Li F, Harmer P, Cardinal BJ, Bosworth M, Johnson-Shelton D, Moore JM, et al. Built environment and 1-

year change in weight and waist circumference in middle-aged and older adults: Portland Neighborhood

Environment and Health Study. American journal of epidemiology. 2009; 169(4):401–8. https://doi.org/

10.1093/aje/kwn398 PMID: 19153214

72. Sugiyama T, Koohsari MJ, Mavoa S, Owen N. Activity-friendly built environment attributes and adult

adiposity. Current obesity reports. 2014; 3(2):183–98. https://doi.org/10.1007/s13679-014-0096-9

PMID: 26626602

73. Graham JW. Missing data analysis: Making it work in the real world. Annual review of psychology.

2009; 60:549–76. https://doi.org/10.1146/annurev.psych.58.110405.085530 PMID: 18652544

74. Uhrig SN. The nature and causes of attrition in the British Household Panel Survey: Institute for Social

and Economic Research, University of Essex Colchester . . .; 2008.

75. Carroll SJ, Niyonsenga T, Coffee NT, Taylor AW, Daniel M. Does physical activity mediate the associa-

tions between local-area descriptive norms, built environment walkability, and glycosylated hemoglo-

bin? International journal of environmental research and public health. 2017; 14(9):953.

76. Smith KR, Hanson HA, Brown BB, Zick CD, Kowaleski-Jones L, Fan JX. Movers and stayers: how resi-

dential selection contributes to the association between female body mass index and neighborhood

Trajectories of waist circumference, body mass index, depression, general health and area socioeconomic status

PLOS ONE | https://doi.org/10.1371/journal.pone.0227029 January 8, 2020 18 / 19

https://doi.org/10.1080/15248371003699969
https://doi.org/10.1080/15248371003699969
http://www.ncbi.nlm.nih.gov/pubmed/21743795
https://doi.org/10.1037/a0015858
https://doi.org/10.1037/a0015858
http://www.ncbi.nlm.nih.gov/pubmed/19719357
https://doi.org/10.1016/s0889-1591(03)00057-6
http://www.ncbi.nlm.nih.gov/pubmed/12831830
http://www.ncbi.nlm.nih.gov/pubmed/21485745
https://doi.org/10.1038/ijo.2011.103
http://www.ncbi.nlm.nih.gov/pubmed/21556045
https://doi.org/10.1038/oby.2009.497
http://www.ncbi.nlm.nih.gov/pubmed/20075853
https://doi.org/10.1017/S0021932016000225
http://www.ncbi.nlm.nih.gov/pubmed/27238086
https://doi.org/10.1016/j.amepre.2014.05.006
http://www.ncbi.nlm.nih.gov/pubmed/25049218
https://doi.org/10.1186/s12889-016-3798-y
http://www.ncbi.nlm.nih.gov/pubmed/27832766
https://doi.org/10.1016/j.ypmed.2014.03.026
http://www.ncbi.nlm.nih.gov/pubmed/24704504
https://doi.org/10.4278/ajhp.071214133
http://www.ncbi.nlm.nih.gov/pubmed/19149426
https://doi.org/10.1093/aje/kwn398
https://doi.org/10.1093/aje/kwn398
http://www.ncbi.nlm.nih.gov/pubmed/19153214
https://doi.org/10.1007/s13679-014-0096-9
http://www.ncbi.nlm.nih.gov/pubmed/26626602
https://doi.org/10.1146/annurev.psych.58.110405.085530
http://www.ncbi.nlm.nih.gov/pubmed/18652544
https://doi.org/10.1371/journal.pone.0227029


characteristics. International Journal of Obesity. 2016; 40(9):1384. https://doi.org/10.1038/ijo.2016.78

PMID: 27133620

77. Mayne DJ, Morgan GG, Jalaludin BB, Bauman AE. Area-level walkability and the geographic distribu-

tion of high body mass in Sydney, Australia: a spatial analysis using the 45 and up study. International

journal of environmental research and public health. 2019; 16(4):664.

78. Davillas A, Benzeval M, Kumari M. Association of adiposity and mental health functioning across the

lifespan: findings from understanding society (The UK Household Longitudinal Study). PloS one. 2016;

11(2):e0148561. https://doi.org/10.1371/journal.pone.0148561 PMID: 26849046

79. Kivimaki M, Lawlor DA, Singh-Manoux A, Batty GD, Ferrie JE, Shipley MJ, et al. Common mental disor-

der and obesity-insight from four repeat measures over 19 years: prospective Whitehall II cohort study.

Brit Med J. 2009; 339:b3765. ARTN b3765 10.1136/bmj.b3765. WOS:000270719100002. https://doi.

org/10.1136/bmj.b3765 PMID: 19808765

80. Jagielski AC, Brown A, Hosseini-Araghi M, Thomas GN, Taheri S. The association between adiposity,

mental well-being, and quality of life in extreme obesity. PloS one. 2014; 9(3):e92859. https://doi.org/

10.1371/journal.pone.0092859 PMID: 24671197

81. Britt H, Miller GC, Charles J, Henderson J, Bayram C, Pan Y, et al. General practice activity in Australia

2008–09. General practice series. 2009;(25).

82. Niyonsenga T, Coffee N, Del Fante P, Høj S, Daniel M. Practical utility of general practice data capture

and spatial analysis for understanding COPD and asthma. BMC health services research. 2018; 18

(1):897. https://doi.org/10.1186/s12913-018-3714-5 PMID: 30477507

83. Fitzpatrick SL, Wischenka D, Appelhans BM, Pbert L, Wang M, Wilson DK, et al. An evidence-based

guide for obesity treatment in primary care. The American journal of medicine. 2016; 129(1):115. e1-.

e7.

Trajectories of waist circumference, body mass index, depression, general health and area socioeconomic status

PLOS ONE | https://doi.org/10.1371/journal.pone.0227029 January 8, 2020 19 / 19

https://doi.org/10.1038/ijo.2016.78
http://www.ncbi.nlm.nih.gov/pubmed/27133620
https://doi.org/10.1371/journal.pone.0148561
http://www.ncbi.nlm.nih.gov/pubmed/26849046
https://doi.org/10.1136/bmj.b3765
https://doi.org/10.1136/bmj.b3765
http://www.ncbi.nlm.nih.gov/pubmed/19808765
https://doi.org/10.1371/journal.pone.0092859
https://doi.org/10.1371/journal.pone.0092859
http://www.ncbi.nlm.nih.gov/pubmed/24671197
https://doi.org/10.1186/s12913-018-3714-5
http://www.ncbi.nlm.nih.gov/pubmed/30477507
https://doi.org/10.1371/journal.pone.0227029

