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Geographical inequalities in health 

Life expectancy and disability-free life expectancy at birth by neighbourhood income deprivation: England, 1999-2003. 
Source: Office for National Statistics data reported in ‘Fair Society, Healthy Lives’ (Marmot, 2010)



Does place matter ? 

Shaw, Dorling & Mitchell 2002 



First generation of studies  



Second generation of studies 

• Opening up the black box
Physical environments

Social environments 

• Sophistication of methods
Geographical Information Systems

Self-reported survey instruments

Street/Virtual Audit 

• Objective measures vs. 
perceptions 

Diez Roux & Mair 2010 



Beyond cross-sectional studies of place

Longitudinal information on place to : 

1) Improve causal inference in general

2) Inform on the possibility to improve
health using interventions

3) Understand the history of place:    
‘life course of place’ & equity

4) Incorporate place into life course 
epidemiology 



Longitudinal neighbourhood data are difficult 
to obtain

1) Measured prospectively in cohort studies 

More comprehensive: social + physical environment & perceptions

Detailed geographical information of respondents

 Time needed

2) Archival sources + retrospective linkage to existing cohorts

Diversity of potential sources 

Requires historical information about residence

 Deeper understanding of life course influence



• Impact of short-term changes in neighbourhood exposure

• Historical development of neighbourhoods

• Handling missing data in longitudinal multi-level studies

These will be illustrated using research on dietary behaviour and 
physical activity

Some contributions to the longitudinal study of 
neighbourhood and health  
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Prospective cohort study 
evaluating the impacts of urban 
regeneration

Adolescents in 25 schools  

12-13 years old at baseline 

waves: 2012, 2013, 2014

Population specificity

ethnically diverse & deprived

N~ 3,000



Outcomes & Exposures in ORiEL

Physical Activity

Self-reported (YPAQ)

questions on many activities

Mental Health and Wellbeing

Short WEMWBS (+wellbeing)

MSPSS (Social relations)

SMFQ (-affect, depressive)

Objective height & weight

Diet (consumption self-report)

Smoking/Alcohol

Self-reported measures

Perceptions (MESA,  ALPHA) 

Social cohesion (trust) 

Secondary data (GIS)

Food Businesses

Green Space

Sports Facilities

Walkability

Smith N., et al. 2012. The Olympic Regeneration in East London (ORiEL) study: protocol for a prospective 

controlled quasi-experiment to evaluate the impact of urban regeneration on young people and their

families. BMJ Open 2(4):1-11.
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Perceptions of the neighbourhood environment 

Street 
connectivity Aesthetics

Personal 

safety
Traffic safety

Street connectivity



1) Pooled association

preserves all the power: cross-sectional & within-individual changes 

2) Trajectory

association between exposure score (improvement vs. not) and outcome 
trajectory 

3) Co-occurring changes

in both outcome and exposure

4) Cumulative exposure

association with outcome at end of period 

Testing hypotheses on the impact of short-term 
neighbourhood changes



Adolescents perceptions of their neighbourhood were 
poor predictors of physical activity (1)

Pooled models (1)

- No evidence of association between perceptions of the neighbourhood 
(street connectivity, aesthetics, personal safety, traffic safety) and physical 
activity outcomes (walking to school, walking for leisure, outdoor PA)

- Some evidence of association between neighbourhood trust and leisure 
types of physical activity: 

*Adjusted for gender, ethnicity, health condition, free school meal status, family affluence, time lived in 
the neighbourhood, household composition and time 

Outdoor PA

OR*

[95% CI]

p-value

Pay & Play PA

OR*

[95% CI]

p-value

Trust

(trend) 

1.10

[1.01,1.19]
0.029

1.09

[1.02,1.17]
0.013



Adolescents perceptions of their neighbourhood were 
poor predictors of physical activity (2)

Models for change in exposure (2-4)

Accumulation, trajectory and change scores in neighbourhood perceptions and 
trust were not consistently associated with physical activity outcomes. 

e.g. Cumulative score of personal safety does not predict walking at wave 3

(‘I feel safe walking in my neighbourhood, day or night’) 

Walking to school 

OR*

[95% CI]

p-value

Walking for leisure

OR*

[95% CI]

p-value

0.99

[0.95,1.03]
0.699

1.00

[0.92,1.08]
0.943

*Adjusted for gender, ethnicity, health condition (at wave 3), family affluence (at wave 3) and baseline 
free school meal status.



Potential explanations 

1) Neighbourhood perceptions are not stable (in this cohort of adolescents)

not stable constructs ?

low cognitive ability ?

 Needs to be further examined

2) Parental perceptions might remain more important: 

- recent studies go in that direction

- qualitative analyses in ORiEL indicate that safety is an important parental 
concern, which is likely to restraint physical activity



• Impact of short-term changes in neighbourhood exposure

• Historical development of neighbourhoods

• Handling missing data in longitudinal multi-level data

Some contributions to the longitudinal study of 
neighbourhood and health  



NETS = one of the most comprehensive commercial datasets on retail 
businesses in the US (Dun & Bradstreet) 

Data for each business in the 5 boroughs of New York City obtained in 
January of each year for the period 1990-2010 (Walls and Associates)

Data re-geocoded to ensure accuracy

Potential duplicates identified and collapsed

businesses counted by “category” at census tract level (N=2,167)

Focus on the food environment

National Establishment Time-Series (NETS)



• Incomplete understanding of where and for whom changes in the food 
environment are occurring

• Cross-sectional studies: low-income and racial/ethnic minority groups 
tended to be more exposed to poorer food environment

Aim 1) To examine trajectories of change in the number of BMI-unhealthy 
food outlets at the census tract level.

Aim 2) To examine how such trajectories relate to socio-demographic 
characteristics of the neighborhood residents at baseline and over time. 

Understanding neighbourhood changes



Exposure: count of BMI-unhealthy businesses

6 pre-defined outlet categories selling calorie-dense foods:

1. Convenience stores and 

small grocery stores

2. Bodegas 

3. Pizza restaurants,

4. Fast food restaurants,

5. Bakeries and candy/ 

confectionary stores

6. Meat markets 



Methods: Latent Class Growth Analysis (LCGA)

Example from Jones and Nagin

2-step extension of a Growth Curve Model

1. Assume non-uniqueness of the 
population:  n underlying populations that 
follow n separate growth trajectories/curves
Growth Mixture Model 

2. Assign individuals to a trajectory/curve:
the growth curve is a latent class; it is not an 
average growth around which individual 
trajectories vary 
Finite mixture model 

= 
Latent Class Growth Analysis



Results from 5-class model 

• 5 distinct classes

• Overall increase

• Fanning out

• Annual variations 



Association with 1990 Census demographics

In red: Class 4 (steeper slope, higher start); in Blue: Class 2



Is LCGA the most appropriate method? 

• Growth Mixture Model with random intercept & random slope: 

Fit the data better but more difficult to interpret/communicate

Non-parametric Growth Mixture Model? 

• Limited to one (summary) aspect of the food environment:

Do more healthy food aspects evolve the same way?

Latent Transition Analysis as an alternative method? 



• Impact of short-term changes in neighbourhood exposure

• Historical development of neighbourhoods

• Handling missing data in longitudinal multi-level studies

Some contributions to the longitudinal study of 
neighbourhood and health  



The missing data problem (1)

Level 1 Time

Level 2 Individuals

Level 3 cluster 
(school/neighbourhood) 

W1 W2 W3 W1 W2 W3 W1 W2 W3 W1 W2 W3

… …

…1 25

1 20 22602151

3-level data structure 



The missing data problem (2)

Item non-response on continuous and categorical variables  



Take into account the hierarchical structure of 
the data in the imputation model 

Otherwise, risk of inefficient and biased
estimates

Yet, multilevel MI models are more difficult to 
specify for categorical variables

Currently only available for the Joint-Modelling 
framework

(Full Conditional Specification) 

Recent development: Multilevel Multiple Imputation



‘jomo’ package in R (Matteo Quartagno, UCL)

Joint modelling approach 

categorical variables handled using latent 
normal variables

available for 2-level structures

better handles interactions/non-
linearities (recent update)

Software available for Multilevel MI 



Jomo developed for Patient Data 
Meta-analysis

few variables with missing values

few categorical variables

2-level structure  

N small 

(Interaction terms)

Can we use these tools to handle missing data in 
longitudinal multilevel neighbourhood studies? 

Our data generally include

many variables with missing values

many categorical variables

3-level structure

N larger

Interaction terms 



Approach 1: clustering at individual 
level 

- Data in long format

- 2,260 clusters

- 3 observations per cluster

- School as covariate/outcome

- A few level 2 variables

- Most variables at level 1

Imputation strategies used for the ORiEL data

Approach 2: ‘fixed effect’ (wide 
format) with clustering at school-level 

- Data in the wide format

- 25 clusters

- ~90 observations per cluster

- no level 2 variable

- 3 x more level-1 variables 



Approach 1: clustering at individual 
level 

- Computationally efficient with all 
variables used as outcomes

- Extremely slow convergence of 
parameters to the posterior 
distribution 

- Some high auto-correlations

- Very large burn-in & n-between 
needed => memory + total 
computational time   

=> not viable even after exclusion of 
school from the model 

Imputation results for the ORiEL data

Approach 2: ‘fixed effect’ (wide 
format) with clustering at school-level 

- Computationally inefficient 

- Quick convergence of parameters to 
the posterior distribution

- Low auto-correlations

- Burn-in = 200 n-between=500

=> Viable: final model: 2~ weeks



• cumbersome but feasible for multilevel data with a few repeated 
measures & mixed response types 

• Recent developments allow for interaction terms with missing values 
(compatibility with substantive model)  

• Limitations: 

– Less suitable for 3-level structures with many repeated measures

– relies on latent variable approach 

– ordinal variables currently treated as categorical 

Assessment of the multilevel joint modelling 
approach implemented in jomo



Longitudinal study of neighbourhood and health: 
future directions 

The future of the field depends on the past…



Longitudinal study of neighbourhood and health: 
future directions 

• The availability & use of longitudinal 
data on places is likely to increase

- in the US: greater reliance on NETS 

- in the UK: multiple sources 

• Harmonisation of data processing is key

• New analytical skills & conceptual 
thinking: capture how place affects 
health in the short-, mid- and long-term  
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Final imputation model

Individuals 𝑖 nest within schools 𝑗. Each measurement occasion (wave) is 
represented by a different variable, indexed as 1,..,3. The 𝑘 categories of each 
categorical variable are represented by 𝑘−1 latent variables. 



Results from 11-class model 

• Confirmation of patterns 

from  the 5-class model

• more precise but less 

concise summary 

• Interesting contrasts:


