Appendix 1. Propensity Adjustment Methods: Assumptions and Practical Assessment.

Propensity weighting, and other propensity adjustment methods (propensity scores, propensity matching) rest on certain assumptions, which are often framed in terms of binary exposures, typically treatments. These assumptions may need reframing to be applicable to continuous exposures. These assumptions are conditional exchangeability; positivity; consistency; and non-interference (Hashimoto, and Yasunaga, 2025; Andrew et al, 2023). 

Practical considerations in meeting these assumptions, or variations in approaches to meeting them, suggests caution regarding causal inferences (Andrew et al, 2023), and use of sensitivity analysis (Streiner and Norman, 2012). Sensitivity analysis might include comparison with “traditional” regression, as is done in the present study, with some studies finding similar results because traditional and causally oriented approaches (Staffogia et al, 2023).

Regarding the assumption of non-interference, we have discussed in sections 2.2, 2.3, and 3.2 how spatial spillover of exposure effects may be handled (e.g.  Forastiere et al, 2021).  There may be sensitivity to how spillover is handled quantitatively. We have compared binary adjacency under two options (nearest neighbours only, and extending to include neighbours of neighbours). Distance weighting of nearby areas (e.g. weighting of neighbouring areas according to inverse distance between them and the local area) is another equally valid option. 

Conditional exchangeability refers to balance on the confounders between different strata of the exposures, so that the strata are comparable or exchangeable conditional on the propensity weights. This assumption is often stated in terms appropriate to binary exposures: balance of confounders between exposed and unexposed groups, conditional on propensity scores or weights. We have verified covariate balance in our study via weighted correlations. This assumption may be problematic if there are significant unmeasured confounders (Hashimoto, and Yasunaga, 2025), which we have also sought to address. 

Positivity refers (for a binary exposure) to each area having a positive chance of exposure or non-exposure, conditional on confounders. For a continuous exposure, this translates to varying levels of exposure being possible, namely that the density f(E|X) exceeds zero for all exposure and confounder values. Following Ju et al (2019), to address practical positivity violations, shown in extreme weights, “one simple and practical method is truncating extreme values in the PS estimate”. We have adopted this truncation approach in the propensity weighted regressions. This is done because if the original weights contain extreme values, this may bias and reduce precision of estimated exposure effects.

Truncation of weights may induce departures from covariate balance, but doubly robust regression can be used as well as marginal structural regression to counter any deterioration in balance, and provide a consistent estimate (Golinelli et al, 2012). 

According to Hashimoto, and Yasunaga (2025), consistency implies that the “exposure should be defined sufficiently based on expert knowledge so that different variants of the exposure do not have different effects on the outcome”. In the study here there is some conditionality on the definition of activity and healthy food environments. A useful criterion is that these be defined as optimal in terms of predicting diabetes. In our study, which used PCA to combine information from relevant constituent indicators, respective correlations with diabetes prevalence are -0.57 (activity access) and -0.54 (healthy food access). A possible sensitivity analysis might be to carry out preliminary factor analysis (possibly a spatial factor analysis) involving both diabetes and the constituent indicators as predictands, so that weightings on constituent indicators (of, say, activity access) are optimal with regard to explaining diabetes variation.

Appendix 2 BUGS and R Codes

The BUGS code below (for the model described in Section 3.4), is declarative code, namely a summary of the model, likelihood, and prior density assumptions, as opposed to a sequence of executable commands (Thomas, 2006). BUGS code can be run using the WINBUGS freeware, or via R packages such as R2WinBugs and nimble.

The BUGS code is as follows:
model {# prior density assumptions
for (j in 1:5) {tau[j] ~ dgamma(1,0.1); b0[j] ~ dnorm(0,0.1)}
for (j in 1:4){gam[j] ~ dnorm(0,0.1)}
tau.s ~ dgamma(1,0.1)
# priors for loadings on latent construct
lam[1] <- -1
lam[2] ~ dt(0,1,4) 
lam[3] ~ dt(0,1,4) 
lam[4] ~ dt(0,1,4) 
lam[5] ~ dt(0,1,4) 
# prior densities for regression coefficients
for (j in 1:7){b1[j] ~ dnorm(0,0.1); 
b2[j] ~ dnorm(0,0.1); b3[j] ~ dnorm(0,0.1)
b4[j] ~ dnorm(0,0.1); b5[j] ~ dnorm(0,0.1)}
# specification of CAR spatial effects (s[i], unmeasured 
# spatial confounder)
for (k in 1:NN) {w[k] <- 1}
s[1:N] ~ car.normal(adj[],w[],num[],tau.s)
for(i in 1:N) {# regression models using observed confounders,
# spatial confounder,and exposure effects on diabetes
mu1[i] <-  b0[1]
+gam[1]*food[i]+gam[2]*act[i]+gam[3]*foodlag[i]+gam[4]*actlag[i]
+lam[1]*s[i]+inprod(x[i,],b1[])
mu2[i] <-  b0[2]+lam[2]*s[i]+inprod(x[i,],b2[])
mu3[i] <-  b0[3]+lam[3]*s[i]+inprod(x[i,],b3[])
mu4[i] <-  b0[4]+lam[4]*s[i]+inprod(x[i,],b4[])
mu5[i] <-  b0[5]+lam[5]*s[i]+inprod(x[i,],b5[])
# likelihoods: diabetes prevalence (prv); 
# healthy food access (food); activity access (act)
prv[i]   ~ dnorm(mu1[i],tau[1])
food[i] ~ dnorm(mu2[i],tau[2])
act[i]   ~ dnorm(mu3[i],tau[3])
foodlag[i] ~ dnorm(mu4[i],tau[4])
actlag[i]   ~ dnorm(mu5[i],tau[5])}}

The R code is 
library(spdep)
library(dplyr)
library(clipr)
library(CVXR)
library(wCorr)
set.seed(100)
setwd("C:/R files/US COUNTIES")
# Functions
# Truncate extreme values
pcap = function(df, low,high,vars= NULL, percentiles = c(low, high)){
  if(is.null(vars)) { index <- which(sapply(df, is.numeric))  } 
else { index <- which(names(df) %in% vars)  } 
for (i in index) {quants=quantile( df[,i], percentiles, na.rm =TRUE)
     df[,i] = ifelse(df[,i] < quants[1] , quants[1], df[,i])
     df[,i] = ifelse(df[,i] > quants[2] , quants[2], df[,i])}
     return(df) }
# Generate basis function for CVXR
basis=function(treat, X){  D=treat%*%solve(chol(var(treat)))
  D=scale(D,center=TRUE, scale=TRUE)
  X=X%*%solve(chol(var(X)))
  X=scale(X,center=TRUE, scale=TRUE)
  X=X%*%diag(as.vector(sign(cor(X,D))),nrow=ncol(X))
  D=D%*%diag(as.vector(sign(cor(X,D))),nrow=ncol(D))
  z<-matrix(NA,ncol=ncol(D)*ncol(X),nrow=nrow(D))
  for(i in 1:ncol(D)){
    z[,((i-1)*ncol(X)+1):(i*ncol(X))]=X*as.vector(D[,i])  }
  z=cbind(z,X,D)
  return(z)}
# Balance Assessment
balwcor = function(y,w){  ret=wcor=c()
wcor[1]=weightedCorr(y,pov,"Pearson",w)
wcor[2]=weightedCorr(y,pov.lag,"Pearson",w)
wcor[3]=weightedCorr(y,nw,"Pearson",w)
wcor[4]=weightedCorr(y,south,"Pearson",w)
wcor[5]=weightedCorr(y,eusc,"Pearson",w)
ret[1]=mean(abs(wcor)); ret[2]=max(abs(wcor))
return(ret)}
#
# DATA INPUTS
#
# Adjacency Options
# County adjacency files (1st order) 
lw= readRDS("lw.RData")
# County adjacency files (1st and 2nd order neighbours) 
# lw= readRDS("lw12.RData")
# County input data, N=3144
D=read.table("input.txt",header=T)
attach(D)
# Access Measures
# Positive Measure of Activity Access (Local and Spatially Lagged)
dfsub=data.frame(walk,carcom,exacc,physinact)
pca=prcomp(dfsub,scale=TRUE,retx=TRUE)
summary(pca)
act= -pca$x[,1]
act.lag = lag.listw(lw,act,zero.policy=TRUE)
act.lag=ifelse(act.lag==0,act,act.lag)
# Positive Measure of Food Environment (local and spatially lagged)
dfsubf=data.frame(lowacc10,fdinsec)
pca=prcomp(dfsubf,scale=TRUE,retx=TRUE)
food=-pca$x[,1]
food.lag = lag.listw(lw,food,zero.policy=TRUE)
food.lag=ifelse(food.lag==0,food,food.lag)
# Urbanicity level from RUCC
urb=10-urbrur
metro=ifelse(urbrur<4,1,0)
# All non-white
nw=100-wnh
# Predictor Spatial Lags
pov.lag = lag.listw(lw,pov,zero.policy=TRUE)
pov.lag=ifelse(pov.lag==0,pov,pov.lag)
nw.lag = lag.listw(lw,nw,zero.policy=TRUE)
nw.lag=ifelse(nw.lag==0,nw,nw.lag)
urb.lag = lag.listw(lw,urb,zero.policy=TRUE)
urb.lag=ifelse(urb.lag==0,urb,urb.lag)
# Table 1
df=data.frame(prv, food, food.lag,act,act.lag,
pov,pov.lag,nw,nw.lag,urb,urb.lag,south)
cor(df)
# Sifting Confounders (Table 2)
LM1=lm(prv ~  food+food.lag+act+act.lag+pov+pov.lag+nw+nw.lag+
urb+urb.lag+south)
summary(LM1)
LM2=lm(food ~  pov+pov.lag+nw+nw.lag+urb+urb.lag+south)
summary(LM2)
LM3=lm(act ~  pov+pov.lag+nw+nw.lag+urb+urb.lag+south)
summary(LM3)
LM4=lm(food.lag ~  pov+pov.lag+nw+nw.lag+urb+urb.lag+south)
summary(LM4)
LM5=lm(act.lag ~  pov+pov.lag+nw+nw.lag+urb+urb.lag+south)
summary(LM5)
# Response, exposures, confounders on [0,1] scale
prv01=(prv-min(prv))/(max(prv)-min(prv))
food01=(food-min(food))/(max(food)-min(food))
act01=(act-min(act))/(max(act)-min(act))
foodlag01=(food.lag-min(food.lag))/(max(food.lag)-min(food.lag))
actlag01=(act.lag-min(act.lag))/(max(act.lag)-min(act.lag))
pov01=(pov-min(pov))/(max(pov)-min(pov))
nw01=(nw-min(nw))/(max(nw)-min(nw))
urb01=(urb-min(urb))/(max(urb)-min(urb))
povlag01=(pov.lag-min(pov.lag))/(max(pov.lag)-min(pov.lag))
nwlag01=(nw.lag-min(nw.lag))/(max(nw.lag)-min(nw.lag))
urblag01=(urb.lag-min(urb.lag))/(max(urb.lag)-min(urb.lag))
# composite access measures: averages over local and lag 
# environments, on [0,1] scale
foodm=(food01+foodlag01)/2
actm=(act01+actlag01)/2
foodm01=(foodm-min(foodm))/(max(foodm)-min(foodm))
actm01=(actm-min(actm))/(max(actm)-min(actm))
# Estimates of unobserved spatial confounder 
# (posterior means & st devns)
E=read.table("uscmeanandsd.txt",header=T)
attach(E)
# SIMULATION LOOP 
nloop=50
msm1coef=matrix(NA,nloop,3)
msm1sd=matrix(NA,nloop,3)
msm2coef=matrix(NA,nloop,5)
msm2sd=matrix(NA,nloop,5)
msm3coef=matrix(NA,nloop,4)
msm3sd=matrix(NA,nloop,4)
dr1coef=matrix(NA,nloop,8)
dr1sd=matrix(NA,nloop,8)
balw.avg=matrix(NA,nloop,4)
balw.max=matrix(NA,nloop,4)
baltrunc.avg=matrix(NA,nloop,4)
baltrunc.max=matrix(NA,nloop,4)
for (iter in 1:nloop){
# Sample from estimated unobserved confounder distribution 
# at each simulation
eusc=rnorm(3144,E$uscm,E$sd)
eusc.lag = lag.listw(lw,eusc,zero.policy=TRUE)
# Entropy Weights Exposures and Confounders
exp.inds=cbind(act,act.lag,food,food.lag)
expos=as.matrix(exp.inds)
x=cbind(pov,pov.lag,nw,south,eusc)
X=as.matrix(x)
# Entropy weights
z=basis(expos,X)
gamma=ncol(z)
gammahat=Variable(gamma)
to_star=1e-5
delta=rep(to_star,gamma)
Ob=Minimize(sum(exp(-z%*%gammahat-1))+t(abs(gammahat))%*%delta)
problem=Problem(Ob)
re=solve(problem)
gam_re=re$getValue((gammahat))
w=exp(-z%*%gam_re-1)/sum(exp(-z%*%gam_re-1))
# COVARIATE BALANCE, WEIGHTED CORRELATIONS (ENTROPY 
# WEIGHTS) (TABLE 3)
balst=avbal=maxbal=c()
balst=balwcor(food,w)
avbal[1]=balst[1]; maxbal[1]=balst[2]
balst=balwcor(food.lag,w)
avbal[2]=balst[1]; maxbal[2]=balst[2]
balst=balwcor(act,w)
avbal[3]=balst[1]; maxbal[3]=balst[2]
balst=balwcor(act.lag,w)
avbal[4]=balst[1]; maxbal[4]=balst[2]
balw.avg[iter,]=avbal
balw.max[iter,]=maxbal
origw=w
# Truncation of propensity weights, resulting wtd correlations
df=data.frame(w)
truncdf=pcap(df,0.01,0.99)
truncw=truncdf$w
balst=balwcor(food,truncw)
avbal[1]=balst[1]; maxbal[1]=balst[2]
balst=balwcor(food.lag,truncw)
avbal[2]=balst[1]; maxbal[2]=balst[2]
balst=balwcor(act,truncw)
avbal[3]=balst[1]; maxbal[3]=balst[2]
balst=balwcor(act.lag,truncw)
avbal[4]=balst[1]; maxbal[4]=balst[2]
baltrunc.avg[iter,]=avbal
baltrunc.max[iter,]=maxbal
# WEIGHTED REGRESSIONS (TABLES 4,5)
# Marginal Structural Regressions
# Local Environments Only
msm1=lm(prv~act01+food01,weights=truncw)
msm1sd[iter,]= as.numeric(summary(msm1)$coefficients[, 2])
msm1coef[iter,]= as.numeric(msm1$coefficients)
# All local and lagged
msm2=lm(prv~act01+food01+actlag01+foodlag01,weights=truncw)
msm2sd[iter,]= as.numeric(summary(msm2)$coefficients[, 2])
msm2coef[iter,]= as.numeric(msm2$coefficients)
# Local and lagged activity, food local-lag average
msm3=lm(prv~act01+actlag01+foodm01,weights=truncw)
msm3sd[iter,]= as.numeric(summary(msm3)$coefficients[, 2])
msm3coef[iter,]= as.numeric(msm3$coefficients)
# Doubly robust, weighted
dr1=lm(prv~act01+actlag01+foodm01 +pov01+povlag01+nw01+south,
weights=truncw)
dr1sd[iter,]= as.numeric(summary(dr1)$coefficients[, 2])
dr1coef[iter,]= as.numeric(dr1$coefficients)
# END OF SIMULATION LOOP
}
# unweighted regression
unw=lm(prv~act01+actlag01+foodm01+pov01+povlag01+nw01+south)
unwsd= as.numeric(summary(unw)$coefficients[, 2])
unwcoef= as.numeric(unw$coefficients)
#
# Pooled Regr Coeff & St.err Estimates (Dimension p, nloop samples) 
#
sd=c()
poolcoef= function(coef,sd,p,nloop,poolc){
prec=prcoef=var=matrix(NA,nloop,p)
poolc=poolsd=c()
for (j in 1:nloop) { for (k in 1:p) { var[j,k]=sd[j,k]*sd[j,k]
                                                                 prec[j,k]=1/var[j,k]
                                                                 prcoef[j,k]=prec[j,k]*coef[j,k]}}
for (k in 1:p) {poolc[k]=sum(prcoef[,k])/sum(prec[,k])}
return(poolc)}
options(digits=4)
# pooled regression estimates over simulation loop
for (j in 1:3) {sd[j]=sqrt(sum(msm1sd[,j]^2)/nloop)}
poolcoef(msm1coef,msm1sd,3,nloop);sd[1:3]
for (j in 1:5) {sd[j]=sqrt(sum(msm2sd[,j]^2)/nloop)}
poolcoef(msm2coef,msm2sd,5,nloop);sd[1:5]
mncoef=c()
for (j in 1:4) {sd[j]=sqrt(sum(msm3sd[,j]^2)/nloop); mncoef[j]=mean(msm3coef[,j])}
poolcoef(msm3coef,msm3sd,4,nloop);sd[1:4]
for (j in 1:8) {sd[j]=sqrt(sum(dr1sd[,j]^2)/nloop)}
poolcoef(dr1coef,dr1sd,8,nloop) ;sd[1:8]
# unweighted regression
unwcoef
unwsd
# Balance diagnostics
avbaltrunc=avbal=maxbaltrunc=maxbal=numeric(4)
for (j in 1:4) {avbaltrunc[j]=mean(baltrunc.avg[,j])
                          avbal[j]=mean(balw.avg[,j])
                          maxbaltrunc[j]=mean(baltrunc.max[,j])
                          maxbal[j]=mean(balw.max[,j])}
# avg/max absolute weighted correlationss before truncation
avbal; maxbal
# avg/max absolute weighted correlations after truncation
avbaltrunc; maxbaltrunc
# avg/max absolute weighted correlations before any weighting
balst=avbal=maxbal=c()
nowt=c()
nowt=rep(1,3144)
balst=balwcor(food,nowt)
avbal[1]=balst[1]; maxbal[1]=balst[2]
balst=balwcor(food.lag,nowt)
avbal[2]=balst[1]; maxbal[2]=balst[2]
balst=balwcor(act,nowt)
avbal[3]=balst[1]; maxbal[3]=balst[2]
balst=balwcor(act.lag,nowt)
avbal[4]=balst[1]; maxbal[4]=balst[2]
# Figure 3. Third Marginal Structural Regression
prvdec=c()
brkact=ntile(act01,20)
br1=as.numeric(tapply(act01,brkact,mean))
brkactlag=ntile(actlag01,20)
br2=as.numeric(tapply(actlag01,brkact,mean))
for (j in 1:20) {prvdec[j]= mncoef[1]+ mncoef[2]*br1[j]+ mncoef[3]*br2[j]+ mncoef[4]* quantile(foodm01,0.5)}
par(bg = "orange")
plot(prvdec,xlab="Percentile Breakpoints, Activity Environment", ylab="Predicted Diabetes Prevalence",cex=1.5,pch=15) 

