Geographical inequalities in health in a time of austerity: Baseline

findings from the Stockton-on-Tees cohort study

Background

Stockton-on-Tees has the highest health inequalities in England Life expectancy at birth reveals a
gap between the most and least deprived neighbourhoods of 17.3 years for men and 11.4 years for
women (Public Health England, 2015). This is similar to differences in life expectancy between the
US and Ghana or the UK and India (World Health Organization, 2016). Life expectancy though is only
a headline indicator, signifying the need to explore the extent and determinants of other aspects of
health inequalities in that area (Bambra, 2016). A complex relationship exists between place, the
people who live there and health. Complex in the sense that the characteristics of people
(composition) and the nature and attributes of the place (context) act individually and collectively
(Macintyre et al., 2002, Cummins et al., 2007). Further, it has been argued that these health divides
between areas are ‘political’ in nature, influenced by the wider socio-political and macroeconomic
context, for example economic recession and austerity (Schrecker and Bambra, 2015). In this study,
we provide the first detailed empirical examination of the biggest geographical health divide in
England by exploring the health gap between the most and least deprived areas of Stockton-on-Tees
using validated measures of physical and general health within a household survey. We also use a
novel statistical technique to examine the contribution of compositional and contextual factors and
their interaction in explaining this gap. Uniquely, we do this in a time of economic recession and
austerity within the UK. The paper will therefore be of interest not only to those who study health
inequalities in the UK but also to the international public health research community who are

tackling similar geographical inequalities in health in major urban settings (Bambra, 2016).



Geographical inequalities in health

Neighbourhoods that are the most deprived have worse health than those that are less deprived —
this follows a spatial gradient, with each increase in deprivation resulting in a decrease in average
health. In England, the gap between the most and least deprived areas is 9 years average life
expectancy for men and around 7 years for women. Traditionally, geographical research has tried to
explain these differences at neighbourhood level health looking at compositional and contextual

factors — and their interaction (Pickett and Pearl, 2001, Cummins et al., 2007).

The compositional explanation asserts that the health of a given area is the result of the
characteristics of the people who live there (demographic, behavioural and socioeconomic). The
contextual explanation, on the other hand, argues that area-level health is determined by the nature
of the place itself, in terms of its economic, social, cultural and physical environment. The profile of
the people within a community (demographic [age, sex and ethnicity], health-related behavioural
[smoking, alcohol, physical activity, diet, drugs] and socio-economic [income, education,

occupation]) influences its health outcomes.

The literature suggests that there are several interacting pathways linking individual-level socio-
economic status and health: behavioural, material, and psychosocial (Bartley, 2004). The
‘materialist’ explanation argues that it is income-levels and what a decent or high income enables
compared to a lower one such as access to health-benefitting goods and services and limiting
exposures to particular material risk factors. The ‘behavioural-cultural’ theory asserts that the causal
mechanisms are higher rates of health-damaging behaviours in lower socio-economic groups. The
‘psychosocial’ explanation focuses on the adverse biological consequences of psychological and

social domination and subordination, superiority and inferiority.



The contextual perspective asserts that differential exposure to the ‘local geographical
circumstances’, brings about the differences in health status of the population (Pearce, 2015).
Galster (2010) for example has proposed four specific, yet broad mechanisms to describe the role of
place in creating unequal health status: the social-interactive mechanism; the environmental
mechanism; the geographical mechanism and the institutional mechanism. The social-interactive
mechanism links health inequalities as the outcome of the influence one’s social neighbourhood has
in shaping the health affecting norms, values and attitudes (Brannstrom and Rojas, 2012).
Environmental mechanism deals with the socio-spatial distribution of health-damaging factors
(‘pathogens’ such as violence, pollutants) and health-promoting factors (‘salutogens’ such as public
parks and healing places), which have a distinct concentration pattern, former being more common
in the socially deprived areas and latter in less deprived neighbourhoods (Pearce, 2015). The
geographical mechanism on the other hand explains that people living in deprived locations for a
long-term, with limited or poor quality services may lead to a vicious cycle of poverty and ill health
(Hedman et al., 2015). Finally, institutional mechanisms seek to understand the health affecting roles
of institutions and services (also referred to as ‘opportunity structures’; e.g. GP surgeries, fast food
outlets) that are socially constructed and have possibilities of varied quality, availability and access

(Macintyre et al., 2002, Sykes and Musterd, 2011).

Macintyre and Ellaway (2009) have argued that a clear differentiation between compositional and
contextual factors determining health inequalities is, in general sense impossible as they are not
mutually exclusive: the characteristics of individuals are influenced by the characteristics of the area.
For example, compositional-level individual factors such as employment and job status of the people
living in an area are influenced by the contextual-level characteristics of the local labour market,
whilst these contextual factors are in turn influenced by the wider political and economic
environment - with, recessions and austerity, impacting again on local labour markets (Bambra,

2016). Moving away then from the conventional approach of focusing only on the contribution of



compositional or contextual factors, Cummins et al. (2007) therefore argue for a ‘relational
approach’ that accounts for the horizontal and vertical interaction between these factors - in
addition to their individual contributions. This approach not only reconnects people and place but
attempts to signify the importance of scale in understanding geographical health inequalities. It
highlights the dynamic nature of place—how it is constructed and represented in research and how
it is embedded in an individual’s life. Place in this relational sense may not be defined by
geographical administrative boundaries but by ‘nodes in networks’ (Horlings, 2016). Multi-level
modelling has been used as a way of determining the role of compositional factors, contextual

factors and their interaction simultaneously (Curtis and Rees Jones, 1998, Duncan et al., 1998).

Recession, austerity and health inequalities
The financial crisis of 2007 - the worst since the Wall Street crash of 1929 led to the onset of what

has been called the ‘Great Recession’. There had been several post-war financial downturns in
western European countries (e.g. the 1970s and 1990s) but none as serious (on economic and social
grounds) as that which has affected the whole of Europe and the UK since 2008 (Ifanti et al., 2013).
The UK had some austerity policies in hand such as tax reforms before the full crisis came into
existence, this has been described by Blyth (2013) as ‘pre-emptive tightening’. The crisis though
accelerated after the imposition of austerity policies from 2010 onwards. UK austerity has been
characterised by significant cuts to public service budgets, most notably in terms of local authority
budgets, significant reductions in social security expenditure, alongside a strong emphasis on relying
on a renewed market to cover the national deficit (Kitson et al., 2011). Though there have been
strong voices against austerity, it remains in place and its impacts are ongoing (Baker, 2010). These
funding and welfare cuts in the UK are geographically patterned and the worst hit areas are those
that are already the most socially disadvantaged (Beatty and Fothergill, 2016). This has led to fears
of widening deprivation and increases in health inequalities (Pearce, 2013, Beatty and Fothergill,

2016), (Bambra and Garthwaite, 2014).



However, there is little by way of empirical assessment of the effects of austerity on geographical
inequalities in health (Pearce 2013). The studies that do exist however, have suggested a negative
impact. For example, Niedzwiedz et al. (2016) found that reductions in spending levels and increased
welfare conditionality adversely affected the mental health of disadvantaged social groups. Austerity
measures have also affected vulnerable old-age adults as a study by Loopstra et al. (2016) has noted
that rising mortality rates among pensioners were linked to reductions in social spending and social
care. Loopstra et al. (2015) also found that food bank use is associated with cuts to local authority
spending and central welfare spending. Across England there has been a widening inequalities in
mental health since 2010 (Barr et al., 2015) with the largest increases in poor mental health
(including suicides, self-reported mental health problems and anti-depressant prescription rates) in

the most deprived areas (Barr et al., 2016).

Furthermore , as well as being few in number, the studies in the UK conducted to date which explore
the extent of geographical health inequalities during austerity have also been conducted on a
national scale and utilised national level datasets. National level statistics are often criticised for
failing to represent and explain the proximal area level situations or even the inequalities that
persist between/in regional and local levels (Shouls et al., 1996, Cummins et al., 2005, Bambra,
2013). Those studies exploring different localities have also focused on local authority level data
rather than looking at a finer geographical scale such as at neighbourhood or ward level. The
indicators used have often been mortality rather than morbidity. This identifies a clear need for
more localised studies that apply geographical theories to better understand the extent and causes
of geographical inequalities in health in this time of austerity. Furthermore, focusing at a local scale
provides us with a unique opportunity to get detailed primary information on health and the social
determinants at a small geographical scale, which is not the case with secondary data (such as the

census or Health Survey for England).



This paper is the first to address this gap in the literature by estimating the magnitude of local
inequalities in physical and general health during a time of austerity via a case study of Stockton on
Tees - the local authority in England with the biggest health divide. For the international health
geography literature, this study contributes in methodological terms by taking a novel statistical
approach to examining the contribution of context, composition and their interactions (Skalicka et
al., 2009, Copeland et al., 2015). It also contests the scales of contextual data that can explain the
local health inequalities gap. Something which Pickett and Pearl (2001) have explicitly highlighted as
needed in terms of enhancing our understanding of geographical health inequalities. It is also the

first study to examine localised geographical inequalities in health in a time of austerity.

Methods

The ‘Local Health Inequalities in an Age of Austerity: The Stockton-on-Tees Study’ is a mixed method,
interdisciplinary case study that aims to explore key debates around localised health inequalities in
an age of austerity. Using a case study approach provides the opportunity to advance research into
health inequalities by combining the methods and insights of different disciplines to study the
localised effects of the social and spatial determinants of health. This paper presents the baseline
findings from a prospective cohort survey examining health inequalities between the most and least
deprived lower super output areas (LSOAs) in Stockton-on-Tees. It is a common practice to report
the baseline findings of a cohort study and papers dealing with subsequent waves using longitudinal
analysis will follow (Peter et al., 1998, Smith et al., 2007, McFall and Garrington, 2011, Booker et al.,

2015).

The health gap in Stockton is examined using a random sample of adults aged over 18, split between
participants from the 20 most and 20 least deprived LSOAs (Figure 1). LSOAs are small areas of
relatively even size, with around 1500 people in each area; there are 32,484 LSOAs in England (Dept

for Communities and Local Government, 2011). When studying deprivation status and relating it to



health inequalities, LSOA is usually the preferred smallest spatial unit in England (Cairns, 2013). We
used the index of Multiple Deprivation (IMD) scores for England from the year 2010 to determine
the 20 LSOAs in each extreme ends of deprivation within the borough. LSOA is the smallest
geographical unit in England for which the IMD score is computed. IMD score is the key measure to
identify area deprivation and its concentration in geographical units lower than local authorities in
the England (Payne and Abel, 2012, Noble et al., 2006). An IMD score is constructed by combining 38
different weighted indicators representing income, employment, health and disability, education,
barriers to different services, living environment and crime (Dept for Communities and Local

Government, 2011).

The borough of Stockton-on-Tees was chosen as the site for analysis because it has the highest
health inequalities between the LSOAs within a local authority in England both for men (at a 17.3
year difference in life expectancy at birth) and for women (11.4 year gap in life expectancy) (Public
Health England, 2015). This makes it a particularly important site to analyse health inequalities
during austerity — and we wanted to unpack the headline life expectancy gap by looking in more
detail at other underpinning health measures as well as their determinants. Stockton-on-Tees has a
population of 191,600 residents (Census, 2011) in its total area of 78.7 square miles and with a
density of nearly 2,435 persons per square mile (Office for National Statistics, 2011) (Figure 1).
Stockton has high levels of social inequalities, with some areas of the local authority with very low
levels of deprivation (e.g. Ingleby Barwick) and others with high levels of deprivation (e.g. Hardwick).
These areas are often in close proximity to one another (as shown in Figure 1). Deprivation overall, is
higher than the national average e.g. about 30% of the people living in Stockton-on-Tees fall in the
most deprived quintiles, which is significantly higher than the national average of 20% (Public Health

England, 2015).



Sampling Strategy

Figure 2 shows the sampling strategy for the survey. To identify the lowest and highest areas of
deprivation in Stockton, we looked at the 120 lower super output areas (LSOA) in the local authority
of Stockton on Tees, selecting the 20 with the lowest Index of Multiple Deprivation (IMD) scores
from 2010 and the 20 with the highest IMD scores (IMD range 1.54-74.5) (Department for

Communities and Local Government, 2011).

The final estimated sample size of 800 (400 in each group) was based on a conservative power
calculation, derived from experience of previous health surveys in the same region of the UK
(Warren et al., 2013a). The sampling process utilised EQ5D and SF8 (see outcome measures for
detailed information on these indicators), which assumed a 5% difference between the least and
most deprived areas and the possible attrition in the follow-up surveys. 20,013 eligible addresses
and phone numbers were identified from the 40 study LSOAs, using the most recent Office for
National Statistics (ONS) postcode lookup tables. The amount of eligible addresses ranged from 313
to 1380 addresses per LSOA. Using a stratified random sampling technique (using “R” statistical
software programme), we created a sample of 200 target households in each of the 40 LSOAs.
Assuming a 10% enrolment rate, 8000 households (4000 each from the most and least deprived
LSOAs) were sent study invitation letters by post in April and May 2014. The assumption of 10%
enrolment rate was because the survey used a postal initial recruitment approach and so response
was expected to be lower than for other recruitment methods (Eriksen et al., 2011, Sinclair et al.,
2012). Recipients were able to contact the research team by phone to indicate if they would like to
participate in the study and set up a time for a face-to-face interview and also to indicate if they did
not want to participate (n=506). In regards to those who did not respond to the letter, research staff
attempted to contact the households by visiting the address and returning on up to 4 occasions at
differing times of the day. Additionally, up to 5 attempts were made to contact households by

phone and at differing times of the day, when phone numbers were available.



An additional letter was also sent to households who had not responded, 4 weeks into the field
period. However, 976 people refused to participate, there were 58 empty/derelict properties, and
5624 households were uncontactable (not responding to an average of 5 phone calls per property, 4
physical visits to properties, or repeated letters). This meant that in total we had actual contact with
2318 households of which 836 participated in the study giving a total response rate of just over 10%
and ‘contactable’ response rate of 36%. We acknowledge that the response rate is low and
comment further on the implications for this in the Limitations section later in the paper. However,
it is worth noting at this point that the low response rate may undermine the representativeness of
our sample - even though our random approach meant that everyone living in each of the sampled
LSOAs had an equal chance of participating in the survey, our sample ended up being older and
more female than would be expected based on census estimates of the general population (Table
2). Eligible participants were sampled by household, and then at the individual level, by the use of a
household selection grid this was a multi-stage randomised sampling strategy (Devaus, 1991). A
total of 836 participants completed the baseline survey, which was within our required sample size.
Face-to-face interviews were conducted between April and June 2014: 397 in the most deprived
areas and 439 in the least deprived areas. Participating individuals were sent a £10 high street

voucher as a thank you for taking part. Figure 2 shows the sampling strategy adopted for the study.

The baseline survey included questions on health, demographics and the compositional and
contextual determinants of health. Questions were matched whenever possible to those used in
other surveys (such as the General Household Survey), to enable national level comparisons to be

made.

The questionnaire was piloted and refined in December 2013 and January 2014 with a random
sample of 24 households in two non-study areas: the 21° most (26% response rate) and 21 least

deprived (35% response rate), lower super output areas which were not part of the study area.



Outcome measures
General health was assessed using EuroQol (EQ5D and EQ5D-VAS) and physical health was measured
using ‘quality metric short form (SF8)’. Both EuroQol and SF8 have been well-validated for use in the

general population.

EuroQol consists of two parts: EQ5D questionnaire and the ‘Visual Analogue Scale’ (EQ5D-VAS), also
known as health thermometer (EuroQol Research Foundation, 2016). The EQ5D questionnaire asked
participants about their mobility, self-care, ability to carry out usual activities, pain and discomfort
and level of anxiety and depression. The responses to these questions are converted to a scale
between — 0.594 and 1.00, the latter being better health. EQ5D-VAS represents the perceived health
status of the participant, which is measured in a scale of 0-100, 0 being the worst and 100 the best

health state they can imagine (Warren et al., 2014).

Using eight questions that focus on the health status of the participants during the last four weeks,
SF8 produces two health scores: physical health score (SF8-PCS) and mental health score (SF8-MCS)
(Warren et al., 2014). However, in this paper, the analysis is limited to SF8-PCS only and our linked
study has used the SF8-MCS (see Mattheys et al. (2016)). The scores for this measure ranges

between 0 and 100: the higher the score, better is the physical health state.

Explanatory variables

Explanatory variables were grouped into two broad categories: individual level compositional
variables (includes material, psychosocial and behavioural variables) and contextual level variables
(related to the neighbourhood where the individual lives). This reflects the composition-context
theory of health inequalities. While all of the compositional variables come from the survey, some of

the contextual variables were obtained from secondary sources such as Office for National Statistics



(ONS), IMD and some were computed with ArcGIS using data from Ordnance Survey (see Web
Appendix). Whenever possible, contextual data was obtained for the finer geographical units such as
post codes. The included factors were chosen to cover the four main contextual domains of
geographical theory as explored in the previous section: social-interactive, environmental,
geographical and institutional (Bernard et al., 2007, Galster, 2010). These domains broadly represent
the key mechanisms of neighbourhood effects on health and wellbeing. Galster (2010) has
highlighted the significance of these domains in understanding and quantifying the causal
relationship of contextual factors and health outcomes. The selection of the contextual factors was
also determined by the availability of data at the geographical scale of our analysis. Outdoor living
environment scores, which is a sub-domain of ‘living environment deprivation domain’ of IMD was
the only contextual variable from secondary source that was retained in the final parsimonious

model (Dept for Communities and Local Government, 2015).

Statistical analysis

A data cleansing process was carried out and missing data were excluded for both outcome
measures and predictor variables so that complete data were available for all cases allowing
comparison between models. Variables such as individual income were highly correlated with
household income, but had high missing data, and therefore omitted from the analysis. Thus, final
analysis was performed on 356 participants from the most deprived and 377 from the least deprived

LSOAs.

The analysis was carried out to establish: (1) the magnitude of inequalities in general health and
physical wellbeing (as measured by EQ5D, EQ5D-VAS and SF8PCS); (2) the associations between
compositional and contextual variables and the health outcomes; (3) relative explanatory
contribution of the compositional and contextual variables; (4) 95% confidence interval was

obtained from nonparametric bootstrapping (Politis, 2014). The gap in the health outcomes



between the participants from the most and least deprived LSOAs is labelled as ‘Deprivation’ in the

results and tables.

Percentage reduction, percentage change for the specific model (see Equation 1) and percentage
contribution of the categories of explanatory factors (see Equation 2) were computed for each
health outcome as well as the indirect (interactive) contribution (see Equation 3).

To explore the mean difference of the measures of health outcomes, multilevel models were
applied. In doing so, the models were adjusted for age and gender and controlled for the potential
clustering within the LSOAs. The analysis started with the univariate analysis of the individual
variables to filter out redundant variables (Hosmer et al., 2013, Agresti, 2015). Final models were
obtained using likelihood ratio test to ensure no substantial information was lost due to variable
selection (Verbeke and Molenberghs, 2000). Relative contribution of the variable categories was
then calculated from the final model. Direct (sole contribution) and indirect (interactions)

contributions of the explanatory variable categories were computed to explain the inequalities.

Equation 1. Equation to determine percentage change between models

Reference Model (M0) — Adjusted Model (Mx)
Reference Model (M0)

% Change for Model Mx = 100 *

Equation 2. Equation to determine percentage contribution
% contribution of category X
= Total % change (M15) — % change of model without category X
Equation 3. Equation to determine indirect contribution
Indirect contribution
= Total % change (M15) — (% contributionfor material
+ % contribution of psychosocial + % contribution for behavioural

+ % contribution of contextual)




In multilevel modelling, bootstrapping is the preferred approach to calculate confidence intervals of
the indirect effects (Shrout and Bolger, 2002). For this study, the data was bootstrapped 10,001
times and 95% confidence intervals were calculated as 2.5% quantiles of the bootstrapped estimates
to generate uncertainty bounds for the percentage contributions of various factors. The
nonparametric bootstrapping was done in R. The whole process was carried out for all three health

outcomes.

Results

Baseline characteristics

Table 1 shows the baseline information of the study participants that remained in the final analysis
after excluding the missing data. These show that in terms of gender our sample has a higher
proportion of women (60%) compared to the census data for Stockton for 2011 (51%). We also have
an older population with 29 percent of our sample aged over 65 compared to about 16 percent in
the census (Table 1 and 2) (Office for National Statistics, 2013). However, in terms of socio-economic
status then our participants were broadly in keeping with the census as around 88% of households in
the least deprived areas were owner occupied compared to 91% in the census. In the most deprived
areas then 28% of our sample were owner occupiers compared to 38% recorded in the 2011 census.

Our modelling therefore adjusts for age and gender to take this into account.

The proportion of participants reporting housing issues was significantly higher in the most deprived
areas (inadequate heating—20% vs. 7%, dampness—26% vs. 3%, darkness—17% vs. 8% and lack of
double glazing—5% vs. 2%). While smoking was more prevalent in the most deprived areas (37% vs.
10%), the use of alcohol was higher in the least deprived areas (79% vs. 59%). A higher proportion of
participants from the most deprived areas reported noise problems (24% vs. 11%), pollution (13% vs.

3%) and crime (29% vs. 6%) in their neighbourhood. More than 12% of people from the most



deprived areas felt unsafe walking alone in their neighbourhood after dark compared to less than 2%

in the least deprived areas.

Inequalities in general health outcomes

The reference models (see Table 3) estimate the gap in EQ5D-VAS, EQ5D and SF8PCS between the
participants from the most and the least deprived LSOAs of Stockton-on-Tees Borough. When
adjusting for age and gender, the estimated inequality gap for EQ5D-VAS, EQ5D and SF8PCS are
10.86 (95% Confidence interval: 5.89, 15.82), 0.12 (0.074, 0.17) and 4.77 (2.8, 6.73) respectively.
People living in least deprived areas have significantly better general and physical health scores

compared to those living in the most deprived areas of the borough.

EQS5D-VAS, EQ5D and SF8PCS models: exploring the role of compositional and
contextual factors

The associations between the health outcomes and compositional and contextual factors is
presented in Table 4. Household income was the only material factor (positively) associated with
EQ5D-VAS. In terms of psychosocial factors, people who are happier have higher EQ5D-VAS scores
and those who felt left-out have significantly lower scores. In terms of behavioural factors,
compared to people who exercise daily, those exercising less frequently have lower EQ5D-VAS
scores. Likewise, people drinking alcohol had higher EQ5D-VAS scores. Among the contextual
factors, feeling unsafe walking alone after dark, neighbourhood noise and pollution were all

negatively associated with EQ5D-VAS scores.

For EQ5D scores, in material terms, households which had at least one workless member and houses
with heating and dampness issues were the material factors and all were negatively associated. In
terms of psychosocial factors, while happiness was positively associated, feeling of being left-out and

isolated had negative association with EQS5D. The analysis of behavioural factors and EQ5D shows



similar results as the EQ5D-VAS scores, higher frequency of physical exercise and use of alcohol were
significantly associated with higher EQ5D scores. Among the contextual factors, feeling unsafe
walking alone after dark, pollution/environmental problems and presence of crime and vandalism in

the neighbourhood were negatively associated with the EQ5D scores.

Material factors of importance for the physical health scores as measured by SF8PCS were having a
workless member or having a damp house: scores were lower. In terms of psychosocial factors,
people who stayed happier were more likely to have better physical health. Exercise was positively
and significantly associated with SF8PCS scores. In terms of the contextual factors, in keeping with
the findings for EQ5D-VAS and EQ5D, a significant association was found with feeling unsafe walking
alone after dark and SF8PCS scores. Finally, ‘outdoor living environment deprivation scores’ (a sub-
domain of living environment deprivation domain) for IMD 2015 (Dept for Communities and Local

Government, 2015) was significantly associated with lower SF8PCS scores.

Percentage contribution of compositional and contextual factors in health inequalities
gap

Table 5 shows the percentage reduction in the inequality gap due to different categories of health
determinants. The full model (M15) with all factors accounted for 72.23%, 90.12% and 95.4%
reduction of inequality gap in EQ5D-VAS, EQ5D and SF8PCS respectively. The calculation of
percentage change and the percentage contribution of the set of factors was done using Equation 1

and Equation 2.

For EQ5D-VAS, all compositional factors combined explained 41.7% of the deprivation health gap but
among its sub-categories, material factors were the most important contributing 20.4% explanation.
The gap was least explained by the psychosocial factors (0.7% and 95% Cl: -9.13, 11.31) followed by

behavioural factors (4.3% and 95% Cl: -5.07, 11.03). Their insignificant contribution is reinforced by



their 95% confidence intervals obtained from nonparametric bootstrapping. Likewise, the
bootstrapped confidence interval for the model with both behavioural and psychosocial factors
combined (M8) indicate its lack of contribution to explaining health inequalities. Contextual factors
on the other hand, explained the gap by 14.6%. Meanwhile, the presence of high indirect effects
(32.2%) indicates the important interaction of compositional and contextual factors in aggravating

the inequalities.

All compositional factors combined explained more than 47% of inequalities gap for EQ5D scores
(95% Cl: 23.45, 58.81). When considering compositional categories, the highest contribution to the
inequality gap was from material factors (23.3%). The contribution of psychosocial factors was less
than a single percent, whilst only 7% for the behavioural factors. The bootstrapped confidence
intervals at 95% for these categories (M2: -9.22, 9.64 and M3: -1.82, 13.13) as well as their
combination (M8: -7.31, 15.81) also indicate an insignificant contribution. More than 18% of the gap
was explained by the contextual factors. As with EQ5D-VAS, the high percentage of indirect effects
points out the significant interaction that is present between the factors within compositional and
contextual categories. The indirect contribution for EQ5D is the highest among the three health

indicators included in our study.

The overall contribution of compositional factors to the inequalities gap for SF8PCS was 44.5%.
Material factors explained about 32% of the gap followed by 5% by the behavioural factors and less
than a percent by the psychosocial factors. The bootstrapped confidence interval for both
psychosocial and behavioural factors, individually (-6.83, 9.8 and -6.3, 10.94 respectively) as well as
their combination (-7.35, 16.35) indicate an insignificant explanation. Contextual factors on the
other had were able to explain 38 % of the inequalities gap. The indirect effects for SF8PCS was the

least (21%) compared to other two measures, yet it indicates the presence of significant interaction.



Discussion

This study investigated the gap in general and physical health between the people living in most and
least deprived neighbourhoods in the Borough of Stockton-on-Tees in England and utilised a
composition-context approach to analyse the relative contribution of different risk factors. Three
validated measures of health outcomes—two general and one physical health scores have been
used: the EQ5D-VAS, the EQ5D and the SF8PCS (Garthwaite et al., 2014). A significant gap was found
for all three measures, but this was more pronounced for the two EuroQol indicators: EQ5D-VAS and
EQ5D. People living in less deprived areas had higher chances of having better general and physical
health. We found that people living in most deprived areas of Stockton-on-Tees can expect to have
an 11 points lower score for EQ5D-VAS, 0.12 points lower scores for EQ5D and 4.8 points lower
scores for SF8PCS than those living in least deprived neighbourhoods. Likewise, direct contributions
of compositional and contextual factors in creating the gap was 41.7 % and 14.6% respectively for
EQ5D-VAS; 47.1% and 18.3% respectively for EQ5D; and 44.5% and 37.8% respectively for SF8PCS.
Apart from the direct contributions, we found significant indirect contributions for all health
measures indicating the presence of important interaction effects between the compositional and

contextual factors in causing the health gap.

The relationship between health inequalities and the social determinants of health has been well
established. Our study adds further to the substantial evidence on the role of
individual/compositional (Marmot and Allen, 2014) and area level/contextual (Cummins et al., 2005)
factors in creating the health gap. Association between individual level factors and health
inequalities have been found which is consistent with previous research. Our research found
material factors such as household income, worklessness within the household, dampness in the
house and improper heating provisions to be the highest contributors to general health inequality
and the second highest contributor for physical health inequality. A study from Norway has

attributed material factors as the most important compositional factors in explaining the inequalities



in mortality (Skalicka et al., 2009). The importance of household income to physical health
inequalities is also demonstrated by Arber et al. (2014). Marmot and Bell (2012) show the indirect
relationship of household poverty with health inequalities, which is mediated by household fuel
poverty. Households in the fifth quintile of income had the highest level of fuel poverty forcing them
to live in cold homes resulting in poor health. It is widely accepted that a two-way relationship exists
between worklessness and poor health. Using data from population surveys for England, a study by
Moller et al. (2013) has linked higher prevalence of morbidity and mortality with rising
unemployment. Not just limited to individuals, health impacts of worklessness within the household
extend to their families and beyond (Warren et al., 2013b, Bambra, 2011). In our research, people
living in damp and cold houses had poorer scores for general and physical health, which matches
with the qualitative findings from other research from the UK (Egan et al.,, 2015, Moffatt et al.,

2016).

Compared to material and contextual factors, psychosocial and behavioural factors made relatively
less contribution to the health inequality gap. Our analysis has found that psychosocial factors have
less than a percentage contribution to the health inequality gap for all three health measures
included in our study. A study by Moor et al. (2014) found a higher contribution of psychosocial and
behavioural factors to self-rated general health among adolescents, which contrasts with our
findings. This study though does not take the material and contextual factors into consideration.
People who had higher happiness scores (scale of 0-10) were more likely to have higher scores for all
three health outcomes, this fits well with the growing happiness literature (Friedli, 2009). Loneliness
(feeling left out or isolated) was a significant contributor to EuroQol indicators but not for SF8PCS.
These psychosocial factors often impact health from a behavioural pathway, for example, Lauder et
al. (2006) have found lonely people had higher odds of adopting sedentary lifestyles and smoking.
Consumption of alcohol was positively associated with better EQ5D-VAS and EQ5D scores, but not

SF8PCS, which is similar to the finding by Bergman et al. (2013). Participants with less frequent



exercising behaviour had higher chances of having poorer health, which is consistent with studies
conducted in Spain, Switzerland and England (Galan et al.,, 2013, Chatton and Kayser, 2013,
Maheswaran et al., 2013). Contribution of behavioural factors towards health inequality gap was
relatively lower for all three health outcomes compared to material and contextual factors. In our
linked study, Mattheys et al. (2016) found a similar relationship for inequalities in mental health

outcomes.

Our study is one of the few studies looking at the relative contribution of contextual factors in the
health inequality gap. Ross and Mirowsky (2008) have argued that to correctly infer the contextual
effects, multilevel modelling with adjustment of comprehensive individual characteristics is to be
adopted in the study. In our analysis, we have adjusted the results for age, gender and the
deprivation status of the place to determine the contribution of contextual factors. Contextual
factors were the biggest contributor to the inequality gap for SF8PCS scores (37.8%) and second
biggest contributor after material factors for EQ5D (18.3%) and EQ5D-VAS (14.6%). People living in
neighbourhoods where they felt unsafe walking alone after dark had higher chances of having
significantly lower scores for all three health outcome measures included in our study. Ruijsbroek et
al. (2015) have argued behavioural factors such as physical activities are often determined by
contextual factors such as neighbourhood crime and feeling unsafe. Several studies have been able
to associate neighbourhood safety with spatial health inequalities either directly (Baum et al., 2009,
Smith et al., 2015, Tamayo et al., 2016) or indirectly through behavioural pathway, usually impacting
the level of physical activity (Mason et al., 2013). People living in areas with higher level of outdoor
air pollution and road traffic accidents, measured by the outdoor environmental score of IMD had
higher chances of having significantly lower EQSD scores. This is in keeping with a substantial body
of literature suggests an association between health inequalities and levels of outdoor air pollution
(Marshall et al., 2009, Cesaroni et al., 2012) and road traffic accidents (Ameratunga et al., 2006,

Cairns et al., 2015) with deprived areas being disproportionately and adversely affected.



When looking from the composition-context distinction, our study has found relatively higher
contribution of the compositional factors than the contextual factors, which is the case for all three
health measures. This is in keeping with other research but it does suggest a stronger role for
context than previous estimates (Macintyre et al, 1997). Most notably, though, our study shows the
importance of the interaction of compositional and contextual variables, supporting a relational view
of health and place (Cummins et al, 2007). Our research has found substantial indirect effects for all
three health outcomes: 41.4% for EQ5D, 32.2% for EQ5D-VAS and 20.6% for SF8PCS. This is an
indication of the interaction of the factors representing the different groups of explanatory
variables. For all three outcome measures, the combined analysis explains the highest amount of the
health gap, which demonstrates the important interaction between the individual-level material and
contextual-environmental factors in causing the health gap. A study done by De Clercq et al. (2012)
among Flemish communities has revealed a complex interaction between individual material factors
and the neighbourhood context to produce health inequalities. This further adds to the significance
of ‘mutually reinforcing’ nature of compositional and contextual factors and justifies the need of
‘relational approach’ in understanding the contribution of individual-level and area-level factors
(Cummins et al., 2007). In our study, the secondary data sources used to measure context were
based on fixed administrative boundaries and they had little influence on the health gap. However,
the contextual factors from the survey measured at an individual level made a significant
contribution to the health inequalities gap. This may be because individuals have relatively dynamic
and fluid area definitions. They were not confined to the LSOAs of the study but to how participants
viewed the relational structure of the neighbourhoods they felt that they belonged to and therefore
there was variation by individual (Bernard et al., 2007, Horlings, 2016). This level of data is not
usually available at a national or regional scale, which validates the relational approach that was

adopted at a local level.



Our study is also the first to examine localised geographical inequalities in health in a detailed way
using multiple health indicators in a time of austerity. The context of austerity is important when
thinking about how local-contextual factors and compositional-individual factors influence health
and the health inequalities gap. It is increasingly argued in the health inequalities literature that the
influence of context/place should not just be considered as a purely local or neighbourhood level but
at a more macro or societal level: a vectoral approach (Cummins et al., 2007, Bambra, 2016). When
the survey was conducted in 2014, it was done so in a context of significant reductions to Social
Security benefits and local government services in Stockton on Tees. However, as this paper is based
on the analysis of the baseline survey, we cannot present the effects of austerity itself - or the
changes it entails in terms of individual and area-level circumstances - on health inequalities.
However, the findings suggest a link between health and the material conditions of households.
Furthermore, the clear health gap between those living in most and least deprived areas indicate
that any (negative) impact of welfare reform on material conditions in deprived areas could result in
the widening of this gap. This is in keeping with previous research into the effects of austerity and
welfare reform on health conducted at the national level (Barnes et al, 2016; Niedzwiedz et al, 2016;
Loopstra et al, 2015, 2016; Barr et al, 2015a; 2015b). In this context, findings from the follow-up
waves of the Stockton-on-Tees cohort study will be able to examine whether inequalities in general
and physical health change during austerity - and the role of compositional and contextual factors in

explaining any such changes.

Limitations

Although our study is based on a stratified random sample, it is subject to a number of important
limitations. Firstly, despite multiple contact attempts, we had a low response rate with only c36% of
contacted households (and only c10% of all of our 8000 sampling frame) participating in the survey.
This was perhaps partly due to the opt-in approach and the use of a postal letter to recruit people in

the first instance. However, it is worth noting that the low response rate may undermine the



representativeness of our sample. Even though our random approach meant that every household in
each of the sampled LSOAs had an equal chance of participating in the survey, our sample ended up
being older and more female than would be expected based on census estimates of the general
population (Table 2). We adjusted for both age and gender in our models to account for this - but
these factors may still effect the generalisability of our findings. There is also the strong possibility of
other response bias in our sample and particularly a ‘healthy responder effect’, whereby people with
health problems are less likely to respond to research requests (Manuel et al., 2016). Our findings
should therefore be interpreted with a certain amount of caution. Although the data was collected
on a face-to-face basis by trained interviewers, the outcome measures are still all self-reported and
these measures may have limited precision and reliability (Mathews and May, 2007). Further,
though the health outcome measures used in this research were validated ones, other measures
could also have been used (Meltzer, 2003). In addition, the findings presented in this paper are only
a baseline snapshot and to see how austerity is linked to health inequalities in Stockton-on-Tees will
require a longitudinal approach. Finally, when presenting the contribution of the contextual factors
towards the health gap, the duration of exposure to these factors is not known as this is a cross
sectional study. Considering all these limitations, it would require careful interpretations and

inference of the findings.

Conclusion

This study makes an important contribution to the ongoing international scholarly debate about
context and composition in the aetiology of geographical inequalities in health. Using a detailed
health and social determinants survey of a random stratified sample of individuals living in the most
and least deprived neighbourhoods of Stockton on Tees, it found a significant health gap across a
variety of validated measures. It also piloted the use of a novel statistical approach to the
examination of the relative contribution of compositional and contextual factors and their

interactions in explaining these gaps - within the macroeconomic context of austerity. We found



significant direct as well as indirect contributions of individual-compositional and area-level
contextual factors in determining this gap, with individual-level material factors accounting for the
majority. Our study has further established that ‘place’ and its attributes matter for health
inequalities, these contextual factors either contribute directly or interact with the compositional
factors in leading to the health gap. The study therefore provides empirical evidence to support
existing theoretical assertions that composition and context should therefore be looked at from a

relational perspective (Cummins et al., 2007).
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Figure 1. Maps of Stockton-on-Tees including most and least deprived neighbourhoods
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Figure 2. Sampling Strategy for the Survey
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Table 1. Characteristics of the Sample (after missing data exclusions)

Material, Psychosocial, Behavioural and Contextual Variables

Variables

Number (%)

Least Deprived

Most Deprived

Demoaraphic

Age

Under 25s 15 (4.0) 37 (10.4)
25-49 130 (34.5) 131 (36.7)
50 to 64 110 (29.2) 95 (26.6)
65 and over 122 (32.4) 94 (26.3)
Gender

Male 162 (43.0) 146 (41.0)
Female 215 (57.0) 210 (59.0)
Marital Status

Married 221 (58.6) 90 (25.3)
Sinale 67 (17.8) 142 (39.9)
Divorced 39 (10.3) 58 (16.3)
Widowed 39 (10.3) 41 (11.5)
Ethnicity

White 360 (95.5) 340 (95.8)
Asian or Asian British 10 (2.7) 0 (0.0
Hiahest Educational Level

Higher or First Dedree 100 (26.5) 17 (4.8)
Higher  Diplomas/A-Levels  or | 106 (28.1) 39 (10.9)
Equivalent

GCSE or Equiv 87 (23.1) 138 (38.8)
Entry Level/No Formal | 84 (22.3) 162 (45.5)
Material

Socioeconomic

Housinag Tenure

Own outright 193 (51.2) 61 (17.1)
Mortaoage or loan 138 (36.6) 37 (10.4)
Rent 44 (11.7) 254 (71.3)
Live rent free 2 (0.5) 4(1.1)
Household Receipt of Benefits 266 (70.6) 311 (87.4)
Household Receipt of Housing | 16 (4.2) 193 (54.2)
Benefit

Workless Household (at least one | 142 (37.7) 237 (66.6)
Current Job Skill Type

Professional 43 (11.3) 10 (2.8)
Unskilled 27 (7.1) 42 (11.8)
Work Status

Participant in Paid Emplovment 183 (48.5) 89 (25.0)
Retired 142 (37.5) 112 (31.4)
Unemploved* 53 (14.0) 156 (43.7)

Household Annual Income (Mode)

£36400-£41600

£10400-£13000

Problems with Damp in the Home | 10 (2.7) 94 (26.4)
Home is too Dark 31 (8.2) 62 (17.4)
Home is not Warm enouah in | 27 (7.2) 72 (20.2)




Home without double glazing 6 (1.6) 19 (5.3)
Own motor vehicle(s) 353 (93.6) 153 (43.0)
Psychosocial

Lackina Companionship

Hardlv ever 286 (75.9) 239 (67.1)
Some of the time 70 (18.6) 76 (21.3)
Often 21 (5.5) 40 (11.2)
Feelina Left Out

Hardly ever 318 (84.4) 249 (69.9)
Some of the time 47 (12.4) 66 (18.5)
Often 12 (3.2) 41 (11.5)
Feelina Isolated

Hardly ever 310 (82.2) 255 (71.6)
Some of the time 54 (14.3) 60 (16.9)
Often 13 (3.4) 41 (11.5)
Behavioural

Respondents who smoke 39 (10.3) 132 (37)
Respondents who drink alcohol 297 (78.8) 210 (59.0)
Freauency of physical exercise

Every day 113 (30.0) 128 (36.0)
Most days 65 (17.2) 44 (12.4)
Couple of times a week 78 (20.7) 42 (11.8)
Once a week 14 (3.7) 15 (4.2)
Less than once a week 13 (3.4) 14 (3.9)
Never 94 (24.9) 113 (31.7)
Contextual

Problems with Neighbourhood | 42 (11.1) 85 (23.9)
Problems with Pollution 13 (3.4) 45 (12.6)
Problems with Crime 24 (6.4) 105 (29.5)
Feeling unsafe walking alone after

Very safe 207 (54.9) 107 (30.1)
Safe 141 (37.4) 132 (37.1)
Unsafe 23 (6.1) 73 (20.5)
Very unsafe 6 (1.6) 44 (12.4)




Table 2. Key socio-demographic indicators from the survey, compared with the 2011 census findings for Stockton-on-Tees, North East region of England
and the whole of England.

Indicators Measure  England North Stockton- Stockton-on-Tees Average from the
East on-Tees (from ONS) Stockton-on-Tees survey
(total) Least Most Least Most
Deprived Deprived  Deprived Deprived

2011 Population: All Usual Residents Count 53,012,456 2,596,886 191,610

(Persons, Marl1)

2011 Population: Males (Persons, % 49.18 48.89 49.10 49.1 48.6 43.0 41.0

Marll)

2011 Population: Females (Persons, % 50.82 51.11 50.90 50.9 51.3 57.0 59.0

Marll)

White Ethnic group % 85.42 95.33 94.62

People aged 65 and above % 16.34 17.31 15.63 15.4 15.3 324 26.3

Retired among usual 16-74 years % 13.68 15.97 14.76 14.8 13.0 37.5 31.4

population

All households who owned their % 30.6 28.6 29.4 34.1 20.0 51.2 17.1

accommaodation outright (Households,

Marll)

All households who owned their % 32.8 33.2 39.1 51.0 29.0 36.6 104

accommodation with a mortgage or
loan (Households, Mar11)

Economically Active; Employee; Full- % 38.6 36.8 37.6 44.4 30.9

Time (Persons, Marl11)

Economically Active; Employee; Part- % 13.7 14.2 15.7 15.7 15.8

Time (Persons, Marll)

People aged 16 and over with 5 or % 15.2 15.7 16.9 25.6 12.8 26.5 4.8

more GCSEs grade A-C, or equivalent
(Persons, Marl11)

People aged 16 and over with no % 22.5 26.5 23.8 13.6 334 22.3 455
formal qualifications (Persons, Mar11
No Cars or Vans in Household % 25.8 315 25.9 9.4 42.4 6.4 57.0

(Households)



Table 3. Inequality gap in Stockton-on-Tees for EQ5D-VAS, EQ5D and SF8PCS

95% Confidence Interval

Parameter Estimate Lower Bound Upper Bound
EQS5D-VAS Intercept 71.854 66.240 77.467
Deprivation 10.858 5.893 15.823
Gender -0.143 -3.158 2.872
Age -0.148 -0.236 -0.061
EQSD Intercept 0.949 0.884 1.013
Deprivation 0.124 0.074 0.174
Gender 0.033 -0.005 0.070
Age -0.004 -0.005 -0.003
SF8PCS Intercept 54.124 51.511 56.737
Deprivation 4.765 2.798 6.733
Gender 0.993 -0.558 2.544

Age -0.171 -0.215 -0.127




Table 4. Association between general and physical health outcomes and the compositional and
contextual factors selected using likelihood ratio test: point estimates and 95% confidence

intervals.

Factors

Material

Psycho-
social

Behavioural

Contextual/
Neighbourh

ood

Random

effects

Variables*

Deprivation

Age

Gender
Household income

Household worklessness

(Yes/No)

The house is damp (Yes/No)
The house is warm (Yes/No)
Lacking companionship
Happiness scale

Frequency of feeling left out

Frequency of feeling isolated
from others
Frequency of physical
exercise**

Alcohol use (Yes/No)
Alcohol units

Feeling unsafe walking alone
after dark (Yes/No)
Neighbourhood noise (Yes/No)

Pollution/Environmental
problems (Yes/No)
Neighbourhood crime (Yes/No)

Outdoor environmental score-
IMD

Covariance parameter

Residuals

LSOA

EQS5SD-VAS
3.02(-1.88,7.91)
-0.11(-0.19,-0.02)

-3.02(-5.9,-0.14)
0.36(0.07,0.66)

2.24(1.43,3.05)
-4.69(-7.22,-2.16)

-1.51(-2.2,-0.83)

4.58(1.58,7.58)

-1.87(-3.56,-0.18)

-1.37(-5.15,2.42)
-5.14(-10.47,0.19)

Estimate

Error)

324(17.37)
24.21(10.05)

* For the Yes/No response variables, ‘No’ is the reference group

**Daily exercise was the reference category

(Std.

EQ5D
0.01(-0.03,0.06)
0.0003(-0.004, -
0.002)
0(-0.03,0.03)

-0.06(-0.1,-0.02)

-0.05(-0.1,0)
0.05(0,0.1)
0.04(0,0.07)
0.03(0.02,0.04)
-0.05(-0.09,-0.01)
-0.07(-0.11,-0.02)

-0.02(-0.03,-0.01)

0.05(0.02,0.09)

-0.03(-0.05,-0.01)

-0.04(-0.1,0.03)

-0.02(-0.07,0.03)

Estimate (Std.

Error)

0.048(0.0026)
0.0008(0.0007)

SF8PCS
0.22(-1.77,2.22)

-0.12(-0.17,-0.08)

-0.07(-1.58,1.45)

-3.93(-5.57,-2.29)

-2.32(-4.5,-0.13)

1.09(0.7,1.48)

-0.81(-1.15,-0.46)

0.06(0.01,0.11)
-1.01(-1.9,-0.13)

-0.59(-2.58,1.39)

-2.86(-5.34,-0.37)

Estimate (Std.

Error)

92.43(4.94)
0.05(1.05)



Table 5 Percentage contribution of material, psychosocial, behavioural and contextual models to the inequality gap for EQ5D-VAS, EQ5D and SF8PCS

(with 95% Cls)

Model EQ5D-VAS EQS5D SF8PCS

% % Contribution % %  Contribution % %  Contribution

Estimate Estimate Estimate

Change | (95% Cl) Change | (95% ClI) Change | (95% ClI)
MO: D 10.86(5.89,15.82) 0.12(0.07,0.17) 4.77(2.8,6.73)
M1: D+M 6.36(1.23,11.49) | 41.41 | 20.4(3.2,36.21) 0.06(0.01,0.11) | 51.5 23.3(12.91,38.27) | 2.54(0.64,4.45) | 46.6 31.6(15.03,43.5)
M2: D+ P 7.86(3.32,12.4) 27.6 0.7(-9.13,11.31) 0.08(0.04,0.13) | 33.76 0.5(-9.22,9.64) 4.07(2.29,5.84) | 14.69 0.4(-6.83,9.8)
M3: D+B 9.66(4.5,14.81) 11.06 | 4.3(-5.07,11.03) 0.11(0.05,0.16) | 13.48 6.7(-1.82,13.13) 4.34(2.27,6.42) | 8.89 4.9(-6.3,10.94)
M4: D+C 7.54(2.57,12.52) | 30.52 14.6(3.22,27.18) 0.07(0.02,0.12) 43.07 18.3(2.83,31.15) 2.34(0.1,4.58) 50.83 37.8(4.45,50.26)
M5: D+M+P 5.14(0.39,9.89) 52.64 32.3(12.64,50.89) | 0.04(0,0.09) 65.2 23.3(16.47,47.75) | 2.16(0.44,3.87) | 54.75 35.07(17.27,51.38)
Mé6: D+M+B 5.86(0.54,11.18) | 46.03 29.1(8.53,44.93) 0.05(0,0.1) 58.41 35.1(20.08,49.9) 2.37(0.36,4.38) | 50.25 39.92(18.48,51.09)
M7: D+M+C 3.46(-1.65,8.58) | 68.12 35.3(12.96,54.17) | 0.02(-0.03,0.07) | 83.25 45.4(26.56,65.74) | 0.52(-1.61,2.64) | 89.18 73.96(34.23,80.67)
M8: D+P+B 6.84(2.26,11.43) | 36.96 4.1(-9.81,16.18) 0.07(0.02,0.11) 44.68 6.9(-7.31,15.81) 3.75(1.89,5.6) 21.39 6.17(-7.35,16.35)
M9: D+P+C 6.17(1.51,10.83) | 43.15 26.2(10.92,43.81) | 0.05(0.01,0.1) 56.1 31.7(10.42,44.42) | 2.12(0.05,4.2) 55.43 45.1(10.92,58.98)
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M10: D+B+C 6.52(1.42,11.62) |39.97 | 19.6(5.78,33.6) 0.06(0.01,0.11) | 55.03 | 24.9(7.57,38.81) | 1.89(-0.41,4.2) | 60.28 | 40.6(5.78,52.61)

M11: D+P+B+C 5.23(0.55,9.92) | 51.79 | 30.8(13.95,48.53) | 0.04(0,0.09) 66.81 | 38.6(15.71,50.05) | 1.73(-0.39,3.85) | 63.72 | 48.8(13.95,61.68)
M12: D+M+B+C 3.09(-2.17,8.35) | 71.53 | 44.6(38.79,63.68) | 0.01(-0.04,0.06) | 89.63 | 56.4(21.71,63.3) | 0.24(-1.94,2.42) | 94.92 | 80.7(38.79,85.97)
M13: D+M+P+C 3.48(-1.38,8.33) | 67.98 | 61.2(45.95,83.71) | 0.02(-0.02,0.06) | 83.46 | 76.6(45.61,87.24) | 0.46(-1.5,2.42) | 90.43 | 86.5(45.95,92.72)
M14. D+M+P+B* | 4.6(-0.21,9.41) | 57.6 41.7(22.16,60.44) | 0.03(-0.01,0.08) | 71.83 | 47.1(23.45,58.81) | 2.02(0.22,3.82) | 57.55 | 44.5(22.16,59.89)
M15: D+M+P+B+C | 3.02(-1.88,7.91) | 72.23 | 72.2(53.09,98.79) | 0.01(-0.03,0.06) | 90.12 | 90.12(56.31,97.79) | 0.22(-1.77,2.22) | 95.4 95.4(53.09,98.79)
Indirect 32.23 | 32.23(7.63,32.65) 4132 | 41.32(20.5,44.8) 20.65 | 20.65(7.63,32.65)

D-deprivation; M-material; P-psychosocial; B-behavioural; C-contextual

*M14 is the model with all compositional factors
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