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Healthy	  Food	  Environment	  MaCers	  
•  Local	  characteris9cs	  and	  demographics	  are	  associated	  with	  presence	  of	  healthy	  

food	  retail	  outlets	  (Morland	  et	  al.,	  2002;	  Moore	  et	  al.,	  2008;	  Powell	  et	  al.,	  2007).	  
•  Food	  sociodemographic	  characteris9cs	  and	  environment	  have	  been	  linked	  to	  

popula9on	  health	  (Cummins	  and	  Macintyre,	  2006;	  Lovasi	  et	  al.,	  2009).	  

	  
Healthy	  food	  outlets	  =	  {large	  supermarkets,	  fruit	  &	  	  
vegetable	  markets,	  natural	  food	  markets	  &	  nut	  stores,	  	  
fish	  markets}	  
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Expansions	  &	  Considera9ons	  
Interac'ons	  in	  Explanatory	  Variables:	  
38	  main	  effects	  
703	  interac9ons	  
9056	  observa9ons.	  
	  
Risks:	  
•  With	  many	  parameters	  there	  is	  risk	  of	  overfiMng	  rela'onships.	  
•  Mul'collinearity	  can	  lead	  to	  erra'c	  es'mates.	  Reason	  to	  believe	  popula9on	  characteris9cs	  

will	  be	  correlated.	  
•  High	  dimensional	  models	  suffer	  in	  terms	  of	  interpretability.	  
•  Limita9ons	  of	  interpreta9ons	  of	  es9mate	  probability	  based	  on	  p-‐values	  (Gelman	  2013).	  
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Bootstrap	  Predic'on: 	  Lasso 	   	  GLM	  
	   	  Bag 	  BMA 	  Bag 	  BMA	  

AIC	  (sum) 	   	  19469 	  19926 	  19881 	  19476	  
Deviance	  (mean): 	  961 	  964 	  937 	  939	  
Misclassified: 	  24.1% 	  23.6% 	  23.9% 	  23.9%	  
	  



Bootstrap	  Confidence	  Intervals	  
GLM	  Logis9c	  Odds	  Ra9os	  &	  95%-‐CI	  	   Lasso	  Logis9c	  Odds	  Ra9os	  &	  95%-‐CI	  	  



Bootstrap	  Confidence	  Intervals	  
GLM	  Logis9c	  Odds	  Ra9os	  &	  95%-‐CI	  	   Lasso	  Logis9c	  Odds	  Ra9os	  &	  95%-‐CI	  	  



Bootstrap	  Confidence	  Intervals	  
GLM	  Logis9c	  Odds	  Ra9os	  &	  95%-‐CI	  	   Lasso	  Logis9c	  Odds	  Ra9os	  &	  95%-‐CI	  	  



Bootstrap	  Confidence	  Intervals	  
GLM	  Logis9c	  Odds	  Ra9os	  &	  95%-‐CI	  	   Lasso	  Logis9c	  Odds	  Ra9os	  &	  95%-‐CI	  	  



Bootstrap	  Confidence	  Intervals	  
GLM	  Logis9c	  Odds	  Ra9os	  &	  95%-‐CI	  	   Lasso	  Logis9c	  Odds	  Ra9os	  &	  95%-‐CI	  	  



Conclusions	  
•  Local	  characteris9cs	  including	  foreign	  born	  popula9on,	  total	  

businesses	  and	  tract	  size	  show	  associa9ons	  with	  posi9ve	  change	  in	  
healthy	  food	  outlets.	  	  

•  Greater	  number	  of	  healthy	  food	  outlets	  in	  the	  previous	  decade	  was	  
associated	  with	  lower	  odds	  of	  increase.	  

	  
•  Longitudinal	  and	  spa9al	  demographic	  data	  can	  be	  used	  to	  develop	  

models	  that	  examine	  change	  across	  9me	  and	  space.	  	  

•  Averaging	  of	  models	  fit	  to	  bootstrap	  samples	  using	  lasso	  
penaliza9on,	  with	  weights	  based	  on	  rela9ve	  likelihood,	  improved	  
predic9on	  in	  resampled	  test-‐set	  data.	  



Future	  Direc9ons	  
	  
•  Alternate	  approaches	  to	  penaliza9on	  and	  variable	  selec9on	  in	  interac9ons	  models	  –	  less	  

naive	  approaches	  to	  this	  case	  of	  hierarchical	  modeling.	  
	  
•  Specify	  as	  fully	  Bayesian	  approach	  with	  evalua9on	  of	  predic9on	  (e.g.,	  WAIC).	  

•  Carry	  out	  simula9ons	  to	  examine	  the	  role	  of	  correla9on	  and	  noise	  in	  predic9on	  given	  
rela9onships	  in	  longitudinal	  and	  spa9al	  data	  in	  context	  of	  model	  valida9on.	  

•  Addi9onal	  outcomes:	  different	  business	  types	  and	  con9nuous	  measures	  of	  change.	  

•  Expand	  inputs;	  addi9onal	  transforma9ons,	  basis	  expansions,	  variable	  selec9on	  steps.	  
	  

•  Vary	  and	  extend	  9me	  intervals	  included.	  
	  
•  Add	  addi9onal	  locali9es	  to	  further	  assess	  generalizability.	  
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Sosware	  

•  R	  
– boot,	  parallel,	  reshape2,	  stringr,	  mice,	  maptools,	  
PCIT	  

– glmnet,	  glinternet	  
– qplot	  



Interac9ons	  &	  Penaliza9on	  

Odds	  Ra9os	  

Demographic	  Explanatory	  Variables	  
Subset	  Selec9on:	  
	  
38	  main	  effects	  
703	  interac9ons	  
	  
reduced	  to:	  	  
	  
34	  Main	  Effects	  
48	  Two-‐Way	  Interac9ons	  
	  
Based	  on	  10-‐fold	  CV	  error	  
minimiza9on	  



Interac9ons	  &	  Penaliza9on	  

Odds	  Ra9os	  

	  
Interac9ons	  Lasso:	  
AIC:	  9531	  
BIC:	  10115	  
Deviance:	  9367	  
	  
Main	  Effects	  Lasso:	  
AIC:	  9323	  
BIC:	  9479	  
Deviance:	  9272	  
	  
GLM:	  
AIC:	  9254	  
BIC:	  9531	  
Deviance:	  9176	  
	  

Demographic	  x	  Environment	  Interac9ons	  

Environment	  Explanatory	  Variables	  


