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Abstract: Both major influences on changing obesity levels (diet and physical activity) may be me-
diated by the environment, with environments that promote higher weight being denoted obe-
sogenic. However, while many conceptual descriptions and definitions of obesogenic environments
are available, relatively few attempts have been made to quantify obesogenic environments (obe-
sogenicity). The current study is an ecological study (using area units as observations) which has as
its main objective to propose a methodology for obtaining a numeric index of obesogenic neigh-
bourhoods, and assess this methodology in an application to a major national dataset. One challenge
in such a task is that obesogenicity is a latent aspect, proxied by observed environment features,
such as poor access to healthy food and recreation, as well as socio-demographic neighbourhood
characteristics. Another is that obesogenicity is potentially spatially clustered, and this feature
should be included in the methodology. Two alternative forms of measurement model (i.e. models
representing a latent quantity using observed indicators) are considered in developing the obe-
sogenic environment index, and under both approaches we find that both food and activity indica-
tors are pertinent to measuring obesogenic environments (though with varying relevance), and that
obesogenic environments are spatially clustered. We then consider the role of the obesogenic envi-
ronment index in explaining obesity and overweight rates for children at ages 10-11 in English
neighbourhoods, along with area deprivation, population ethnicity, crime levels, and a measure of
urban-rural status. We find the index of obesogenic environments to have a significant effect in
elevating rates of child obesity and overweight. As a major conclusion, we establish that obesogenic
environments can be measured using appropriate methods, and that they play a part in explaining
variations in child weight indicators; in short, area context is relevant.

Keywords: obesogenic environments, obesity, spatial, latent construct, fast food, healthy food, ac-
cess to parks and recreation

1. Introduction

Increases in child obesity, like those in adult obesity, have been linked both to chang-
ing dietary patterns and to reduced physical activity [1,2,3]. Changes in diet and activity
are to some degree linked to immediate home and family environments [4]. However,
broader influences in the neighbourhood environment, often called contextual influences,
have been proposed as a major influence also, with environments that promote higher
weight being denoted obesogenic [5,6]. Income and ethnic group differences are also im-
portant influences on obesity, potentially operating via neighbourhood factors [7,8,9]. For
example, Friends of the Earth [10] find a strong correlation between green space depriva-
tion and ethnicity in England, while an official US review [11] found that “certain racial
and ethnic groups and low-income individuals and families live, learn, work, and play in
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places that lack health-promoting resources such as parks, recreational facilities, high-
quality grocery stores, and walkable streets”.

Obesogenicity is a composite of several facets: thus, an official UK report [12] speci-
fies the broad scope of obesogenic environments, namely “the term obesogenic environ-
ment refers to the role environmental factors may play in determining both nutrition and
physical activity”. In that regard, factors such as the food environment, access to recrea-
tional green space and exercise opportunities, and settlement configuration (e.g. urban
sprawl, walkability) have been suggested in meta-analytic reviews [13,14,15]. Findings on
impacts of environmental attributes on obesity have been mixed, including weak or null
effects. For example, the meta-review by Jia et al [15] report a majority of relevant studies
as suggest a positive association between fast food access and weight-related outcomes,
but that meta-analysis does not demonstrate significant results. A review of the evidence
regarding greenspace and obesity [16] found mixed or weak evidence of a relationship.

Many conceptual descriptions of obesogenic environments are available, but rela-
tively few attempts have been made to quantify obesogenic environments (obesogenic-
ity) — though see [17]. If one does focus on how to quantify obesogenicity, a methodo-
logical challenge is that obesogenicity is a latent quantity proxied by actually measured
indicators, and that such indicators may play different roles in defining the underlying
latent index, some reflecting it, others more appropriately seen as causal influences on it.
In the analysis below we provide a novel approach to the analysis of obesogenic environ-
ments that reflects the different conceptual roles of observed indicators.

Also different indicators may have varying relevance in defining obesogenicity, and
hence some way of assigning loadings to each indicator should be part of any methodol-
ogy. Furthermore, like obesity itself, obesogenicity is expected to be spatially clustered as
conceptual accounts stress certain neighbourhood types (e.g. low income areas) as having
worse access to healthy food and recreation opportunities, and such neighbourhoods tend
to be spatially clustered [18]. Obesity itself is spatially clustered [19], and one would ex-
pect obesogenic environments to be spatially clustered also.

The current study is an ecological study (using area units as observations), which has
as its main objective to set out a method to measure obesogenic environments and to
demonstrate its use on a major nationwide dataset, namely child overweight and obesity
in neighbourhoods (small areas) across England. Establishing that obesogenicity is spa-
tially clustered (and incorporating the potential for this into the proposed method) is a
subsidiary objective. Our approach uses two stages: first, a measurement model is used to
develop a numeric index of obesogenic environments from observed neighbourhood in-
dicators. The second stage is a regression of obesity and overweight rates on the numeric
index of obesogenicity and other relevant variables. Two types of measurement model are
used, one using continuous observed indicators, the other uses binary indicators of neigh-
bourhood subset type.

The papers by Kaczynski et al [17] and Wende et al [20] develop obesogenicity indices
using percentiles on each of multiple indicators, and then summing the percentiles to ob-
tain a summary score. The approach in these papers assigns equal weight to all the indi-
cators used in constructing a score for obesogenic environments, whereas in fact some
may be more relevant than others. It also does not incorporate potential spatial clustering
in obesogenic environments.

Child obesity, and trends in it, have major political salience in England. Thus a sum-
mary [21] of recent changes in these child measures, collected under the National Child
Measurement Programme (NCMP), mentions that “unprecedented increases were seen in
the prevalence of obesity”. The child measures are obtained for all children in state main-
tained primary schools (i.e. there is no element of sampling involved); around 94% of pri-
mary school pupils in England are in state schools [22]. The area framework is provided
by 6791 neighbourhoods, called Middle Level Super Output Areas (MSOAs), which pro-
vide a complete coverage of England [23, section 3].
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We find the obesogenicity index to have a significant non-negligible effect on obesity 96
and overweight in English neighbourhoods, secondary in importance to impacts of in- 97
come deprivation, but partly mediating the deprivation effect. We find different observed 98
indicators to have differing relevance in defining obesogenicity, and also that obesogenic- 99
ity is spatially clustered. 100

Our goal in the analysis can be summarized as seeking to encapsulate aspects of the 101
obesogenic environment in a summary numerical score, obtained using appropriate meth- 102
ods. Many existing studies use a single regression analysis with obesity on the one hand 103
and various indices measuring selected obesogenic features as predictors on the other. 104
Among other limitations (e.g. collinearity between different aspects of obesogenic envi- 105
ronments), these studies may not capture the full role of social stratification in structuring 106
obesogenicity and hence obesity. 107

The layout of the rest of the paper is as follows. Section 2 sets out the conceptual 108
distinction between different types of indicator, without formally describing methods. 109
This is the basis for a schematic representation of the model elements. Section 3 describes 110
the case study; section 4 sets out methods and rationale for choice of variables; section 5 111
sets out the results; and a final Discussion section contains conclusions from the research 112
and possible limitations on the study. 113

2. Measuring Obesogenic Environments: Formative and Reflexive Indicators 114

As mentioned above, obesogenicity is a latent quantity proxied by actually measured 115
indicators, and such indicators may play different roles in defining the underlying latent 116
index, some reflecting it, others more appropriately seen as causal influences on it. A rel- 117
evant distinction in the analysis of latent constructs is that between reflexive and forma- 118
tive indicators [24,25]. Formal quantitative methods allowing latent constructs defined by 119
both reflexive and formative indicators have been applied in many settings, for example 120
in marketing [26], albeit not (so far as the authors are aware) in defining obesogenicity. 121

Thus reflexive indicators of obesogenicity are neighbourhood indicators taken — on 122
the basis of accumulated research — to either increase (e.g. fast food access), or diminish 123
(e.g. recreation and green space access), as obesogenicity increases. By contrast, formative 124
indicators include socio-structural aspects more typically associated with obesogenic en- 125
vironments, and possibly to some degree causal influences on them. Different social and 126
demographic groups have unequal access to healthy environments [26], a phenomenon 127
denoted as environmental injustice. Hence social stratification is likely to define the spatial ~ 128
environment for obesity, and it is important that its role is included in any method to 129
summarise obesogenicity. 130

As an illustration of this distinction, the Congressional Research Service (CRS) [27] 131
in the US uses a subset identification approach incorporating the income effect on obe- 132
sogenic environments. It uses the joint occurrence of low income (which can be seenasa 133
formative indicator), and low access to healthy food (a reflexive indicator) in US census 134
tracts to define food deserts. 135

Obesogenic environments are only one potential factor in explaining neighbourhood 136
variations in overweight and obesity. Impacts of obesogenic environments on these out- 137
comes may be moderated by other neighbourhood characteristics, such as area depriva- 138
tion and aspects of the social environment [28]. Some of these may also figure as formative 139
influences on obesogenic environments. In addition, unmeasured aspects of neighbour- 140
hoods may influence both obesogenicity and obesity. Figure 1 accordingly shows the pos- 141
tulated interrelationships in the present study between observed indicators (rectangles) 142
and latent variables. 143
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Figure 1. Diagrammatic Representation of Postulated Influences on Obesity. 145
3. Case Study and Study Design 146

In this paper we employ environmental indicators to develop a numeric index of 147
obesogenicity, and assess impacts of obesogenicity on child obesity and overweight on 148
children (ages 10-11) in English neighbourhoods. The spatial framework is provided by 149
6791 MSOAs, which provide a complete coverage of England and have an average popu- 150
lation (of all ages) of 8200. Nested within MSOAs are around 33000 smaller areas known 151
as lower super output areas (LSOAs). 152

The obesity and overweight rates (percentages) are for 2019-20, provided under the 153
UK National Child Measurement Programme [21], and released without child population 154
denominator information. As mentioned earlier, child weight measures are obtained for 155
all children in state maintained primary schools. 156

Hence there is no sampling element in either the neighbourhood environment indi- 157
cators (which are for all England neighbourhoods, not a subsample), or the obesity rates 158
(which are measured for all children in state schools, not a subsample). 159

The study design is observational and is a cross-sectional ecological study, using ar- 160
eas as the unit of analysis. An ecologic or aggregate study focuses on the comparison of 161
groups (such as areas), rather than individuals [29]. Following the terminology of Mor- 162
genstern [29, page 66], the design is an analytic multiple-group study, where “we assess 163
the ecologic association between the average exposure level or prevalence and the rate of 164
disease among many groups”. In terms of the classification of study designs presented by 165
Song and Chung [30], the analysis we undertake here is a retrospective comparative ob- 166

servational study. 167

168
4. Methods 169
4.1 Choice of Formative Indicators 170

We now consider in detail the variables used in the case study and the rationale for 171
their inclusion. Thus the role of formative influences in UK studies of obesity is apparent 172
in that low area socio-economic status (i.e. high area deprivation) are associated with less 173
healthy environments in general, including worse access to healthy food, recreation sites 174
and parks, and exercise opportunities [31, 32]. With regard to food access, Maguire et al 175
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[33] in a longitudinal UK study report that “the most deprived wards [small areas] had 176
the highest mean density of takeaway food outlets at every time point”. With regard to 177
physical activity according to income and deprivation, a report by the Government Office 178
for Science [12] states that “deprivation and poverty were found to be associated with low 179
levels of leisure-time physical activity in a number of studies”. 180

The income effect on physical activity may be partly bound up with variations in 181
neighbourhood safety (actual and perceived). Impacts of diminished safety on child over- 182
weight are reported in a number of studies [34, 35,36], operating via restrictions on phys- 183
ical activity levels. Perceived safety is likely to reflect crime levels, and neighbourhood 184
crime has also been found to impact on child obesity [37,38]. 185

Ethnicity is another sociodemographic variable related to obesogenicity. In the US, 186
black ethnicity is associated with worse access to healthy food [39,40], while for the UK, 187
the Active Lives Surveys show that percentages of adults eating five portions of fruitand 188
vegetables daily to be lower among ethnic groups [41]. Worse access to recreation for eth- 189
nic minorities has been reported. Regarding child physical activity in particular, Sport 190
England [42] finds that black children are less likely (35%) to be physically active than 191
white British children (47%), reflecting worse access to outdoor exercise space. 192

There is also evidence that the presence or not of obesogenic environments is related 193
to urban/rural status [43]. The study by Kaczynski et al [17] in fact finds US rural areas to 194
be more obesogenic, but evidence for the UK is lacking. One would expect an obvious 195
impact of urban-rural status on access to both fast food outlets and supermarkets, with 196
worse access in rural areas, regardless of area deprivation. This is simply because more 197
rural areas are more distant from a range of services, including all types of food outlet. 198
This potentially distorting effect should ideally be corrected for in deriving a summary 199
index of obesogenicity. 200

As formative indicators in the analysis here we use income deprivation, a clear meas- 201
ure of neighbourhood socio-economic status [44]; the proportion of children aged 10-14in 202
each MSOA who are white; and a measure of rurality based on a UK Census eight-fold 203
category of urban-rural status [45]. 204

4.2 Measuring Obesogenic Environments: Reflexive Indicators 205

A wide range of observable indicators have been suggested as reflexive of obesogenic 206
environments. Regarding the role environmental factors play in determining nutrition, 207
food deserts have been defined especially in terms of varying spatial access to healthy 208
food outlets (such as supermarkets) as against less healthy outlets (e.g. fast food provid- 209
ers). 210

A UK study by Cetateanu and Jones [46] confirmed that greater access to unhealthy 211
food outlets was associated with child overweight, and that more unhealthy food outlets 212
were located in deprived areas. However, in regression analysis, this study found that 213
unhealthy food outlets only slightly explained (i.e. mediated) the association between 214
weight status and deprivation in older children. Some studies [33,47] in fact report that 215
supermarket access is not necessarily worse in deprived areas, at least in the UK. 216

Access to recreation opportunities have also been found relevant to explaining var- 217
iations in child obesity [48,49]. In particular, better access to private garden space hasbeen 218
linked to lower child obesity [50]. The primary mechanism for the impact of recreation 219
and greenspace access on overweight is through increased opportunities for physical ac- 220
tivity [51,52]. 221

Sprawl and walkability have also been implicated in explaining area overweight var- 222
iations, especially in geographically extensive nations (e.g. the US, Australia, Canada). 223
Urban sprawl is typified by low density suburban development with high automobile 224
dependence and restricted walkability [53]. However, findings regarding walkability and = 225
obesity for the UK are mixed [43], may depend on definitions [54], may be at odds with 226
other aspects of obesogenicity, and may be subject to anomalies in defining walkability 227
for lower density and rural areas. The study by Burgoine et al [43] reports that “despite 228
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strong correlations between residential density, street connectivity and land use mix, the 229
latter two factors failed to exhibit an association with BMI”. The study by Stockton et al =~ 230
[55] reports walkability in London as increasing towards the metropolitan centre, despite 231
such areas being characterized by lower green space access (e.g. [10]). 232
In practice four reflexive indicators of the food environment are used: fast food den- 233

sity in the local neighbourhood (MSOA) itself [56]; average fast food density in adjacent 234
neighbourhoods; proximity (inverse distance) to nearest fast food outlet [57]; and travel 235
times to supermarkets or general food stores, from the 2019 Index of Multiple Deprivation 236
[44]. It would be expected that all these indicators would increase as obesogenicity does. 237
As indicators of recreation/park access, the three indices used are: garden area per capita 238
and total green space per capita, both based on data from the FOE study [10]; and an active 239
green space access index, as defined in the Access to Healthy Assets and Hazards (AHAH) 240
dataset [57]. This is based on the distance to the nearest greenspace conducive to physical 241
activity, including public parks or gardens, play spaces, playing fields, and tennis courts. 242
243

4.3 Form of Analysis: First Measurement Model 244

In the study here, we model the derivation of the obesogenic environment score ina 245
separate first stage, an obesogenicity measurement model. Two types of measurement 246
model are considered, as discussed in this and the next section. We then model the impact 247
of the environment score (from each type of measurement model) on indicators of over- 248
weight and obesity in a separate stage (see section 4.5). 249

We consider two forms of measurement model. In the first model to measure the 250
latent obesogenic environment, reflexive indicators, denoted Zij (forj=1,..,J indicators) are 251

all continuous and assumed to be normally distributed, with loadings Xj of indicatorjon 252
the common (obesogenicity) factor score F; for the ith MSOA. The J=7 indicators,relating 253

to food and recreation environments, are as described in section 4.3. 254

The F scores are also taken to be normal and to depend on K=4 formative indicators: 255
income deprivation provided by the Ministry of Housing, Communities and Local Gov- 256
ernment (MHCLG) [44]; the proportion of 10-14 year olds who are white; a measure of 257
neighbourhood crime [44]; and a measure of rurality, namely the ridit score [58], based on 258
an eightfold ordinal urban-rural categorisation of MSOAs [45]. The formative indicators 259
Wiy (for K indicators) have coefficients 3} in the formative model. 260

The F scores also depend on a random spatial term, b; defined as in Langford et al 261

[59]. In this way both observed area characteristics, and unobserved (spatially clustered) 262
influences on obesogenicity are included in the definition of the scores on the latent con- 263
struct. We would expect neighbourhoods geographically close to each other to have sim- 264
ilar levels of obesogenicity. 265

The mathematical form of such models (albeit excluding spatial clustering effects)is 266
discussed in the studies by Bollen and Diamantopoulos [24] and Ghosh and Dunson [60]. 267
In such models the impact of formative indicators is via a type of regression (with coeffi- 268
cients dk). The mathematical form in the approach used here, as the first measurement 269

model, can be summarised as 270
Zi]'=0(j+7qui+eij, i=1,....] 271
Fi=Wj181+...#W; Sk +bj+u;, 272

where e and u; are normally and independent and identically (iid) distributed with 273
zero means. The Wy are standardised, so that the &) coefficients can be compared to show 274
the relative importance of the formative factors. The Zjjare also standardized so the load- 275
ings kj show how important each reflexive indicator is in defining obesogenicity. The 276

value of the spatial effect b in neighbourhood iis obtained as a weighted average of values 277
in adjacent areas, i.e. 278
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bi=2jwijbj / ijij, 279

where the b” are iid normal, and the wij are spatial interactions (with Wij:1 for adja- 280
cent neighbourhoods, Wij=0 otherwise). All loadings are taken as unknown, with A1 con- 281

strained to be positive to ensure consistent identification, and the variance of b* and uis 282
therefore set to 1. 283

4.4. An Alternative Measurement Model: Representing Subsets of Neighbourhoods 284

The approach to a measurement model in section 4.3 can be seen as a conventional 285
one, albeit distinguishing between reflexive and causal indicators. We investigate here an 286
alternative approach, reflecting that average associations do not necessarily fit paradig- 287
matic representations of obesogenic environments, and a neighbourhood subset approach 288
may be better adapted to identify exceptions to the average pattern. Thus while the overall 289
relationship between supermarket access and area deprivation in English neighbour- 290
hoods does not necessarily fit the paradigm representations [33,47], there may still be a 291
subset of deprived areas in England with poor supermarket access. 292

To identify such areas, and similarly obesogenic environments defined by other char- 293
acteristics, we adopt and extend the subset identification approach adopted to identify 294
food deserts in the US [27]. Specifically, we define binary measures according to either (a) 295
poor supermarket access (or fast food proximity) or (b) poor recreation/park access, cou- 2%
pled with either (c) high area deprivation, or (d) high non-white percentages among chil- 297
dren aged 10-14. That is we define binary measures which include reflexive and formative 298
aspects. For parsimony, we focus especially on area income deprivation and ethnicity as 299
formative indicators relevant to defining the binary measures, these being most relevant 300
in assessing the role of social stratification in obesogenicity. 301

We also define an indicator for low density, lower income, suburban areas with car 302
commuting reliance — to represent urban sprawl. Car commuting data are from the UK 303

Census. 304
So nine binary indicators are defined according to whether a neighbourhood has: 305
1. Above average area income deprivation and above average distance to supermarket 306
or food store 307
Above average area income deprivation and above average fast food proximity 308
3. Above average non-white percentages and above average distance to supermarket 309
or food store 310
4. Above average non-white percentages and above average fast food proximity 311

Above average area income deprivation and below average access to private green 312
space 313

6. Above average area income deprivation and below average access to active green 314
space 315

7. Above average non-white percentages and below average access to private green 316
space 317

8. Above average non-white percentages and below average access to active green 318
space. 319

9. Above average income deprivation and car commuting, but below average popula- 320
tion density (for metropolitan and other urban MSOAs only). 321

In the definitions above, food access, green access, commuting and density are de- 322
fined relative to averages for grouped urban-rural category, or RUC11, for short [45], 323
namely: metropolitan neighbourhoods (RUC11 categories 1 or 2); other highly urban 324
(RUC11 3 or 4); rural fringe (RUC11 5 or 6); and sparsely settled rural (RUC117 or 8). In 325
this way the varying access to services effect linked to urban-rural category is controlled 326
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for. For example, one may with this approach more readily identify rural areas with rela- 327
tively obesogenic features, as compared to other rural areas. 328

The binary measures above are now the observed or manifest indicators used to de- 329
fine the obesogenic area construct [61]. By virtue of the way the indicators are defined, 330
information on both reflexive and formative indicators is retained, but used in a more goal 331
oriented way. So this model no longer involves formative regression of the construct on 332
income deprivation and white ethnicity, since information on these is incorporated in the 333
indicators. However, the construct scores are still centred around a spatially correlated 334
random effect to represent the effect of unmeasured spatially clustered influences on obe- 335

sogenic environments, as defined in [59]. 336
Mathematically the second measurement model is represented (for J=9) as 337
Zi]w Bernoulli(nij), =1,....] 338
logit(nij)=ocj+7qui, 339
Fi=bi+ui 340

where the Zij are binary, and b; and u;j have the same specification as discussed 341
above. As previously, all loadings are taken as unknowns, with A1 constrained to be pos- 342

itive to ensure consistent identification, and the variance of b* and u set to 1. 343

4.5 Regression of Obesity and Overweight on Obesogenicity Scores and Other Area Risk Factors 344
In the second stage regression, we use the estimated obesogenicity scores F; (from 345

each of the two measurement models), and regress the log odds of obesity or all over- 346
weight on these scores, and also on income deprivation, white ethnicity (ages 10-14), 347
neighbourhood crime, and rurality. Impacts of deprivation on child obesity are widely 348
reported [8,47], as is relatively higher obesity among non-white children [9]. Neighbour- 349
hood crime has also been found to impact on child obesity [37,38]. Urban-rural status has 350
also been found to impact child obesity [e.g. 62]. Note that these four predictors are also 351
used as reflexive indicators in the first measurement model. 352

The predictors of obesity are converted to standardized form so that their relative 353
importance can be established. The impact of these area risk factors, collectively denoted 354
X in Figure 1, is therefore expressed via standardized regression coefficients (§ parame- 355
ters), and by the relative risks of obesity (or overweight) when comparing high values 356

(95t percentile) vs low values (5t percentile) of each risk factor. A spatial error term v — 357
representing unobserved spatially correlated influences on obesity or overweight - is also 358
included in the regressions for obesity and overweight, as per the scheme in [59]. 359

To measure the goodness of fit of the regression we use the Widely Applicable Infor- 360
mation Criterion, WAIC [63], which is lower for better fitting models. Estimation uses 361
Bayesian techniques, as in the BUGS program [64]. Inferences are based on the second half 362
of two chain runs of 10,000 iterations, with convergence assessed using Brooks-Gelman- 363
Rubin criteria [65]. Regression coefficients and loadings are assigned N(0,10) priors, 364
apart from the first loading, assigned an exponential prior with mean 1. Precisions (in- 365

verse variances) are assigned gamma priors with shape 1 and rate 0.01. 366

367
5. Results 368
5.1. First Measurement Model: Loadings and Formative Regression Results 369

Table 1 shows the A reflexive loadings, and & formative coefficients, of the first meas- 370
urement model. It can be seen that access to fast food is associated with increasing obe- 371
sogenic environment scores (A,Ap and A3 are all positive). The highest loading among the 372
food access indicators is for the fast food proximity index. By contrast, higher recrea- 373
tion/park access is negatively associated with obesogenicity, as would be expected. The 374
highest negative loading on the recreation/park indicators is for access to private green 375
space, including gardens. 376



Int. J. Environ. Res. Public Health 2022, 18, x FOR PEER REVIEW 9 of 17

Regarding impacts of formative indicators, it can be seen that income deprivation in 377
areas is associated with higher obesogenicity scores, but this effect (a  coefficient of 0.10) 378
is relatively small compared to that of neighbourhood crime (0.70) in boosting obesogenic- 379
ity. This suggests that crime (higher in deprived areas) mediates much of the direct dep- 380
rivation effect on obesogenic environments. Impacts of higher levels of white ethnicity 381
among children are a significantly negative influence on obesogenic environments, as are 382
high levels of rurality. Alternatively stated, urban areas with high proportions of children 383

in non-white ethnic groups are much more likely than average to be obesogenic. 384

385

Table 1. First Measurement Model for Obesogenicity. 386

Coefficient Estimates and 95% Intervals

Reflexive Model, Loadings on: Estimate 2.5% 97.5%
Density Fast Food Outlets, Local Area 0.217 0.206 0.228
Density Fast Food Outlets, Surrounding Area 0.240 0.229 0.251
Proximity to Fast Food Outlets 0.381 0.371 0.392
Distance to Supermarkets, General Food Stores -0.337 -0.348 -0.327
Access to Private Greenspace -0.459 0.450 0.469
General Green Space Access -0.286 0.275 0.297
Active Green Space Access -0.276 0.265 0.287
Formative Model, Standardized Regression Coefficients Estimate 2.5% 97.5%
Income Deprivation 0.101 0.055 0.148
White ethnicity, Children 10-14 -0.689 -0.733 -0.647
Crime Index 0.701 0.649 0.754
Rurality -0.688 -0.732 -0.643

387

The exception to the pattern of loadings and formative impacts in expected directions 388

in Table 1 (according to obesity paradigm representations) is the negative loading on dis- 389
tance to a supermarket or food store. This reflects the fact that while fast food access is 390
higher in deprived English neighbourhoods, access to a supermarket or food store is not 391
worse in such neighbourhoods (in terms of overall association and correlation). On the 392
latter feature, see studies such as those by Maguire et al [33] and Smith et al [47]. In fact, 393
average distances to supermarkets are shorter in the 10% most deprived areas than in the 394
10% least deprived areas. 395
The results in Table 1 confirm, as discussed in the Introduction, that different indica- 396

tors have varying relevance in defining obesogenic environments. Also confirmed is spa- 397
tial clustering in such environments. The Moran spatial correlation index [66] for the obe- 398
sogenicity scores from the first measurement model is 0.81, and a significance test under 399
randomization, using the procedure moran.test in R gives a p-value of p-value under 2.2E- 400

16. 401

5.2 Alternative Measurement Model: Results 402

Table 2 Obesogenicity, Second Measurement Model, Loadings on Binary Indicators. 403

Binary Indicator (=1 if area satisfies criterion, 0 otherwise) Estimate 2.5% 97.5%

Above average area income deprivation & above average distance to supermarket/food store 1.46 1.37 1.55
Above average area income deprivation & above average fast food proximity 1.62 1.50 1.74
Above average non-white percentages & above average distance to supermarket or food store 5.14 4.61 5.73
Above average non-white percentages & above average fast food proximity 3.72 3.39 4.10
Above average area income deprivation & below average access to private green space 1.17 1.09 1.26
Above average area income deprivation & below average access to active green space 1.55 1.45 1.66
Above average non-white percentages & below average access to private green space 2.54 2.34 2.75

Above average non-white percentages & below average access to active green space. 6.66 5.75 7.71
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Above average income deprivation & car commuting, but below average population density (met-

0.44 0.37 0.51
ropolitan & other urban areas only).

404
Table 2 shows the results of the measurement model when obesogenicity is measured 405
using the nine binary indicators. It shows there are positive loadings for all observed 406

binary indicators on the underlying construct. So all sub-categories of areas represented 407
by the binary indicators represent various aspects of a single obesogenic environment 408
construct, albeit to varying extents. The indicator for sprawl has a relatively low loading, 409
suggesting that any sprawl effect is comparatively low for England, as compared to coun- 410
ties such as the US [67]. 411

The high loadings involving non-white ethnicity show the centrality of ethnicity, as 412
well as income deprivation, in defining obesogenic environments. Overall the role of so- 413
cial stratification (associated with income and ethnicity) in defining the spatial framework 414
for obesogenicity is confirmed. 415

The high loadings for non-white ethnicity combined with distance to supermarkets 416
and active recreation/parks reflect ethnic gradients in these environmental characteristics 417
(higher supermarket distances and worse active green space access in areas with more 418
children in non-white groups). 419

Again it is confirmed that different indicators have varying relevance in defining 420
obesogenic environments. As to spatial clustering, the Moran spatial correlation index for 421
the obesogenic environment index obtained using this approach is 0.49, with a p-value 422
again under 2.2E-16. 423

To depict how this appears in visual terms, we map out the obesogenicity index in 424
one English region, namely Greater London (see Figure 2). Higher values of the score are 425
seen to cluster in inner east and south London especially. Lower scores occur throughout 426
London but are most apparent in suburban areas, again with clustering. The Moran coef- 427
ficient for spatial clustering of obesogenicity within London is 0.61, and is again highly 428
significant. 429

Obesogenic Environment Score

[1-094-061
B -1.02--0.94
[Jo61-114
[l114-181
I 1.81-240

430
Figure 2. Greater London. Obesogenic Environment Index. Second Measurement Model 431

5.3 Obesity and Overweight in Relation to Obesogenicity 432

As mentioned above, we use the obesogenic environment scores together with other 433
relevant predictors, in a regression analysis of obesity and overweight rates from the 434
NCMP. We convert the original percentage rates of obesity and overweight from the 435
NCMP to log-odds and assume in the regression stage that the log-odds are normally 436
distributed [68]. 437

Table 3 shows the regression effects on obesity and overweight among children aged 438
10-11 of obesogenicity scores from the first measurement model, together with other area 439
characteristics (X variables). 440

Table 3 shows the effect of income deprivation is paramount, with the standardized 441
coefficient three times that for the obesogenic environment score, though both coefficients 442
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are significant in the sense that their 95% intervals are positive. The deprivation effectis 443
stronger on obesity than on all overweight. The relative risks of obesity (comparing areas 444
with high deprivation and low deprivation) are 68% higher in highly deprived areas. For 445
all overweight this excess risk falls to 40%. 446

Whereas crime levels are a major influence on obesogenicity, they are a lesser influ- 447
ence (though still a significant area risk factor) for obesity and overweight as compared to 448
deprivation per se. 449

Higher levels of white ethnicity among children are associated with lower obesity 450
and overweight, but the ethnicity effect is relatively small as compared to that of depriva- 451
tion. Effects of rural location on obesity and overweight are not significant. 452

Table 3. Child Obesity and Overweight Regressions. Obesogenicity First Measurement Model 453

Obesogenic Environment Score from First Measurement Model
(A) Obesity
Impacts of area risk factors (J3 coefficients)

Estimate 2.5% 97.5%

Obesogenic Environment Score 0.069 0.062 0.076
Income Deprivation 0.207 0.192 0.224
White Ethnicity (Children 10-14) -0.033 -0.046 -0.020
Rurality Index 0.008 -0.003 0.018

Crime Deprivation 0.039 0.025 0.054

Impacts of area risk factors (as Relative Risks)

Estimate 2.5% 97.5%
Obesogenic Environment Score 1.21 1.19 1.24
Income Deprivation 1.68 1.62 1.75
White Ethnicity (Children 10-14) 0.92 0.89 0.95
Rurality Index 1.02 0.99 1.04
Crime Deprivation 1.11 1.07 1.15
Fit measure
WAIC 6344

(B) All Overweight including Obesity
Impacts of area risk factors (J3 coefficients)

Estimate 2.5% 97.5%

Obesogenic Environment Score 0.056 0.050 0.064
Income Deprivation 0.165 0.154 0.175
White Ethnicity (Children 10-14) -0.030 -0.039 -0.023
Rurality Index 0.007 -0.002 0.015

Crime Deprivation 0.025 0.016 0.034

Impacts of area risk factors (as Relative Risks)

Estimate 2.5% 97.5%
Obesogenic Environment Score 1.14 1.12 1.16
Income Deprivation 1.40 1.37 1.43
White Ethnicity (Children 10-14) 0.94 0.92 0.95
Rurality Index 1.01 1.00 1.03
Crime Deprivation 1.06 1.03 1.08
Fit measure
WAIC 7617

455

Results from the regression stage based on the obesogenicity score from the second 456
measurement model are shown in Table 4. It can be seen that income deprivation remains 457
the paramount influence. However, the B coefficient for obesogenicity is higher than in 458
Table 3, and also higher when compared to that for income deprivation. The standardized 459
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coefficient on obesogenicity in terms of impact on all overweight is now about half that 460
for income deprivation. As compared to Table 3, the impact of income deprivation on 461
child obesity and overweight is somewhat attenuated. 462

It can be seen from a reduced regression model (results not shown in detail) that some 463
of the income deprivation effect is mediated by obesogenicity. If the obesogenicity score 464
is omitted from the obesity regression, the standardized coefficient on income deprivation 465
is raised from 0.168 to 0.222, and the relative risk for deprivation rises from 1.53 to 1.74. 466
The change in standardized coefficients suggests that around 25% of the impact on child 467
obesity of income deprivation is mediated by obesogenic environments. 468

It can also be seen that the fit (as measured by the WAIC in Table 4 as against Table 469
3) is improved when this way of measuring obesogenic environments is used. One aspect 470
of the better fit is that the correlation between the obesogenic environment score and child 471
obesity is 0.65 using the scores from the second measurement model, as compared to 0.54 472
using the scores from the first measurement model. 473

Table 4. Obesity and Overweight Regressions. Obesogenicity Second Measurement Model 474

Obesogenic Environment Score, Second Measurement Model
(A) Obesity
Impacts of area risk factors (J3 coefficients)

Estimate 2.5% 97.5%
Obesogenic Environment Score 0.071 0.064 0.079
Income Deprivation 0.168 0.156 0.180
White Ethnicity (Children 10-14) -0.028 -0.040 -0.012
Rurality Index -0.024 -0.035 -0.013
Crime Deprivation 0.047 0.034 0.063
Impacts of area risk factors (as Relative Risks)
Estimate 2.5% 97.5%
Obesogenic Environment Score 1.18 1.15 1.20
Income Deprivation 1.53 1.48 1.57
White Ethnicity (Children 10-14) 0.93 0.90 0.97
Rurality Index 0.95 0.92 0.97
Crime Deprivation 1.13 1.10 1.18
Fit measure
WAIC 6258

(B) All Overweight including Obesity
Impacts of area risk factors (3 coefficients)

Estimate 2.5% 97.5%
Obesogenic Environment Score 0.065 0.054 0.075
Income Deprivation 0.130 0.117 0.144
White Ethnicity (Children 10-14) -0.023 -0.032 -0.014
Rurality Index -0.021 -0.030 -0.012
Crime Deprivation 0.030 0.018 0.040
Impacts of area risk factors (as Relative Risks)
Estimate 2.5% 97.5%
Obesogenic Environment Score 1.13 1.11 1.15
Income Deprivation 1.31 1.27 1.35
White Ethnicity (Children 10-14) 0.95 0.93 0.97
Rurality Index 0.96 0.94 0.98
Crime Deprivation 1.07 1.04 1.09
Fit measure
WAIC 7590

475

476
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5.4 Results: Obesogenicity Profiles

Figure 3 shows gradients in child obesity and overweight for deciles of the obe-
sogenicity score (under the better fitting second measurement model). The average child
obesity rate in the most obesogenic neighbourhoods is 25.5%, as compared to 15.7% obe-
sity in the least obesogenic.

As one aspect of the spatial patterning of obesogenicity, it can be seen from Table 5
that the second method for measuring obesogenic environments includes some relatively
rural and suburban fringe areas as obesogenic, though highly urban areas are the most
likely to be obesogenic. About two thirds of the most urban areas (the first two categories
of the eight in Table 5) have obesogenic scores above the median.

1 2 3 - 5 6 7 8 9 10

Obesogenicity Decile

MW Year 6 Obesity M Year 6, All Overweight

Figure 3. Child Obesity and Overweight according to Obesogenicity Decile.

Table 5. Obesogenic Environment Score and Urban-Rural Context. Binary Indicators Measurement
Model.

Neighbourhood Category (RUC11)

Total Neigh- % Above Me-

Quartile 1 (Low bourhoods in dian Obe-

Obesogenicity)

Quartile 4 (High

Quartile2 Quartile 3 Obesogenicity)

category sogenicity
Urban: Major Conurbation 374 425 772 828 2399 67
Urban: Minor Conurbation 42 35 147 25 249 69
Urban: City & Town 786 720 628 804 2938 49
Urban: City & Town, Sparse Setting 1 4 6 2 13 62
Rural Town & Fringe 219 232 113 24 588 23
Rural Town & Fringe, Sparse Setting 4 6 9 1 20 50
Rural Village & Dispersed 278 231 28 2 539 6
Rural Village/Dispersed, Sparse 18 20 7 0 45 16

Sett'g
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479
480
481
482
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6. Discussion 491

Many studies of obesity, both among adults and children, have focused on particular 492
facets of obesogenic environments, such as fast food outlets, or active green space. The 493
present study has instead sought to consider the impact of the obesogenicity in an inclu- 494
sive and comprehensive sense, following definitions such as that proposed by the Gov- 495
ernment Office for Science [12], namely ”the role environmental factors may play in de- 49
termining both nutrition and physical activity”. 497

There are relatively few studies which have attempted to define a comprehensive 498
obesogenic environment index — exceptions being studies such as those of Kaczynski etal 499
[17] and Wende et al [20] — and the present study has considered this measurement ques- 500
tion as a priority. The present study is distinctive in using multivariate methods to obtain 501
an obesogenic environment score, while also recognizing (a) that some indicators are more 502
important than others in defining such environments, and (b) that obesogenicity is poten- 503
tially spatially clustered. Appropriate methods, as proposed in the study here, should ac- 504
commodate these features. 505

The present study has also argued that any definition or measurement of obesogenic 506
environments should reflect their association with particular “formative” socio-demo- 507
graphic contexts: obesogenic environments tend to be associated with deprived neigh- 508
bourhoods, and (in the UK and US) with neighbourhoods having concentrations of ethnic =~ 509
minority groups. This facet of obesogenic environments feeds into some definitions of 510
such environments, for example, the official definition of food deserts in the US by the 511
Congressional Research Service [27]. 512

The methodological implication of these two considerations (i.e. inclusivity and 513
formative-contextual relevance) has been taken forward in two alternative approaches to 514
measuring obesogenicity in the study here. One has been by a full model with both reflex- 515
ive and formative indicators, following the conventional mathematical approach [24,25]. 516
The other has been a novel one, namely to define multiple binary indicators which reflect 517
particular aspects of an obesogenic environment (cf.[27]), regarding nutrition and physi- 518
cal activity access on the one hand, and formative-contextual factors on the other (e.g. 519
deprived area or not). The latter approach can be extended flexibly beyond the particular 520
set of indicator definitions used in the present paper. For example, one could define an 521
indicator for neighbourhoods which have both above average fast food access, below av- 522
erage recreation/park access, and above average deprivation. 523

When the resulting obesogenic environment scores have been combined with income 524
deprivation in regression models seeking to explain child obesity or overweight, it has 525
been found that obesogenicity retains a significant, albeit secondary, effect. The standard- 526
ized coefficients for the obesogenic environment score (under the binary indicators ap- 527
proach) are around a half of the coefficients on income deprivation. Reduced regression 528
indicates that some of the effect of deprivation on obesity is mediated by obesogenicity. 529

The broader implication of the present study is the need to consider suitable multi- 530
variate methods to measure the latent construct of obesogenicity as a neighbourhood char- 531
acteristic. Any index may depend to some degree on the country being studied, the indi- 532
cators being used, and the measurement method. But certain principles are implied by the 533
present study: such as the relevance of the formative context, typically aspects of societal 534
stratification [28], as well as reflexive indicators of food and activity access. 535

The present study has the limitation that it is an ecological and observational study 536
so any findings about impacts of say, fast food access, or private green space access, cannot 537
be taken as relevant to individual level causation of obesity. It is a cross-sectional study 538
whereas stronger inferences may be obtained by a longitudinal, albeit still observational, 539
analysis. Also, the findings from the present study are conditional on the indicators used, 540
namely readily (and freely) available indicators at a particular spatial scale for English 541
neighbourhoods. 542
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Regardless of the limitations of the set of indicators used, those available have been
used to provide and illustrate a feasible measurement approach to obesogenic environ-
ments, one which shows that such environments significantly affect child obesity and
overweight. Thus despite some skeptical assessments [69] regarding environmental im-
pacts on obesity, the study here adds to the weight of evidence that context matters.
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