4. Appendix – R Code
*Source: Ashton Shortridge
R Code for creating and printing quadrats to assess point patterns

# First load a useful library
library(spatstat)
# Now let's look at some data
data(lansing) # this comes with spatstat
# Grab just the maple
lan.maple <- unmark(lansing[lansing$marks == 'maple'])

# Quadrats are a classic approach
lan.maple.qc <- quadratcount(lan.maple, 5)
lan.maple.qc12 <- quadratcount(lan.maple, 12)

png('quadrat.png', height=450,width=430)
plot(lan.maple, main='Quadrat counts', cex=0.5)
plot(lan.maple.qc, add=TRUE, lty=2, cex=1.2, col='blue4')
dev.off()
png('quadrat2.png', height=450,width=430)
plot(lan.maple, main='Quadrat counts', cex=0.5)
plot(lan.maple.qc12, add=TRUE, lty=2, cex=1.2, col='green3')
dev.off()

R Code for creating kernel density maps with different bandwidths and finding optimal bandwidth
# kern_bandwidth.R
# R script to calculate kernels with different bandwidths.
# written by A. Shortridge, 1/2007, 8/2014, 8/2015, 8/2016
# use dev.print(png, "quad16.png", width=480, height=480) to get pngs

## Load library and grab data from it.
library(spatstat)
data(redwood)

par(ask=T)  # Ask permission from user before redrawing plot window


## Map points and basic stats
plot(redwood, main="Redwoods")
summary(redwood)                # Generate basic stats about the redwood object.

## Calculate different bandwidths. bw is in map units (here, the unit square)
bw.01 <- density(redwood, 0.01)   # Sigma (std dev. of a Gaussian kernel
bw.03 <- density(redwood, 0.03)   
bw.05 <- density(redwood, 0.05)   
bw.10 <- density(redwood, 0.10)   
bw.15 <- density(redwood, 0.15)   
bw.20 <- density(redwood, 0.20)   
bw.30 <- density(redwood, 0.30)   
bw.100 <- density(redwood, 1)   

## Plot the resulting kernel maps
par(mfrow = c(2, 4))  # Make plot with two rows & four columns
par(mar = c(3, 2, 4, 2))  # Change margins a bit

plot (bw.01, col=heat.colors(20), main="Bandwidth (sigma) = 0.01")
points(redwood, cex = 0.6)   # cex is a shrinkage factor to make the point symbols smaller.

plot (bw.03, col=heat.colors(20), main="Bandwidth (sigma) = 0.03")
points(redwood, cex = 0.6)

plot (bw.05, col=heat.colors(20), main="Bandwidth (sigma) = 0.05")
points(redwood, cex = 0.6)

plot (bw.10, col=heat.colors(20), main="Bandwidth (sigma) = 0.10")
points(redwood, cex = 0.6)

plot (bw.15, col=heat.colors(20), main="Bandwidth (sigma) = 0.15")
points(redwood, cex = 0.6)

plot (bw.20, col=heat.colors(20), main="Bandwidth (sigma) = 0.20")
points(redwood, cex = 0.6)

plot (bw.30, col=heat.colors(20), main="Bandwidth (sigma) = 0.30")
points(redwood, cex = 0.6)

plot (bw.100, col=heat.colors(20), main="Bandwidth (sigma) = 1.0")
points(redwood, cex = 0.6)
dev.print(png, "redband.png", width=840, height=450)  # Print a png

par(mfrow = c(1,1))  # Back to 1 plot per page

## Optimal Bandwidth Estimation

scott.bw <- bw.scott(redwood)  # This is an optimal bandwidth estimator proposed by Scott.
print(scott.bw)  # ~0.136, 0.138 in x and y.

diggle.bw <- bw.diggle(redwood)
print(diggle.bw)  # ~0.022
plot(diggle.bw)
plot(diggle.bw, ylim=c(-5,50))  # zoom in for more detail
dev.print(png, "diggle_bw.png", width=440, height=350)  # Print a png

# Plot it. Note the use of nested functions here.
plot (density(redwood, diggle.bw), col=heat.colors(20), main="Bandwidth (sigma) = 0.2246")
points(redwood, cex = 0.6)
axis(1);axis(2)
dev.print(png, "diggle_map.png", width=480, height=440)  # Print a png

Kernel density maps in R
# kern_bandwidth.R
# R script to calculate kernels with different bandwidths.
# written by A. Shortridge, 1/2007, 8/2014, 8/2015, 8/2016
# use dev.print(png, "quad16.png", width=480, height=480) to get pngs

## Load library and grab data from it.
library(spatstat)
data(redwood)

par(ask=T)  # Ask permission from user before redrawing plot window


## Map points and basic stats
plot(redwood, main="Redwoods")
summary(redwood)                # Generate basic stats about the redwood object.

## Calculate different bandwidths. bw is in map units (here, the unit square)
bw.01 <- density(redwood, 0.01)   # Sigma (std dev. of a Gaussian kernel
bw.03 <- density(redwood, 0.03)   
bw.05 <- density(redwood, 0.05)   
bw.10 <- density(redwood, 0.10)   
bw.15 <- density(redwood, 0.15)   
bw.20 <- density(redwood, 0.20)   
bw.30 <- density(redwood, 0.30)   
bw.100 <- density(redwood, 1)   

## Plot the resulting kernel maps
par(mfrow = c(2, 4))  # Make plot with two rows & four columns
par(mar = c(3, 2, 4, 2))  # Change margins a bit

plot (bw.01, col=heat.colors(20), main="Bandwidth (sigma) = 0.01")
points(redwood, cex = 0.6)   # cex is a shrinkage factor to make the point symbols smaller.

plot (bw.03, col=heat.colors(20), main="Bandwidth (sigma) = 0.03")
points(redwood, cex = 0.6)

plot (bw.05, col=heat.colors(20), main="Bandwidth (sigma) = 0.05")
points(redwood, cex = 0.6)

plot (bw.10, col=heat.colors(20), main="Bandwidth (sigma) = 0.10")
points(redwood, cex = 0.6)

plot (bw.15, col=heat.colors(20), main="Bandwidth (sigma) = 0.15")
points(redwood, cex = 0.6)

plot (bw.20, col=heat.colors(20), main="Bandwidth (sigma) = 0.20")
points(redwood, cex = 0.6)

plot (bw.30, col=heat.colors(20), main="Bandwidth (sigma) = 0.30")
points(redwood, cex = 0.6)

plot (bw.100, col=heat.colors(20), main="Bandwidth (sigma) = 1.0")
points(redwood, cex = 0.6)
dev.print(png, "redband.png", width=840, height=450)  # Print a png

par(mfrow = c(1,1))  # Back to 1 plot per page

## Optimal Bandwidth Estimation

scott.bw <- bw.scott(redwood)  # This is an optimal bandwidth estimator proposed by Scott.
print(scott.bw)  # ~0.136, 0.138 in x and y.

diggle.bw <- bw.diggle(redwood)
print(diggle.bw)  # ~0.022
plot(diggle.bw)
plot(diggle.bw, ylim=c(-5,50))  # zoom in for more detail
dev.print(png, "diggle_bw.png", width=440, height=350)  # Print a png

# Plot it. Note the use of nested functions here.
plot (density(redwood, diggle.bw), col=heat.colors(20), main="Bandwidth (sigma) = 0.2246")
points(redwood, cex = 0.6)
axis(1);axis(2)
dev.print(png, "diggle_map.png", width=480, height=440)  # Print a png













Spatial Scan Statistic in R
The spatial scan statistic can be calculated in R, in the spatstat package. To illustrate, we'll use the South Lancashire cancer data. Currently there seems to be a bug in the implementation which requires rescaling the data so that a radius of 0.1 can be used.
library(spatstat)
data(chorley)
plot(chorley, pch=c(1,4), cols=c("red", "blue"), main="South Lancashire Cancer Cases")
dev.print(png, "slanc_map.png", height=500, width=500)
[image: https://msu.edu/~ashton/classes/866/notes/lect07/slanc_map.png]
cho <- rescale(chorley, 10) # Rescales x and y axes by 1/10.
kss <- scan.test(cho, r=0.05, nsim=39, case=1, method="binomial")
plot(kss, main="Spatial Scan: Elevated Larynx Cases, r=0.05")
plot(cho[cho$marks=="larynx"], cols="magenta", add=TRUE)
dev.print(png, "slanc_spatial_scan_map.png", height=500, width=500)
[image: https://msu.edu/~ashton/classes/866/notes/lect07/slanc_spatial_scan_map.png]
Values indicate the likelihood ratio test statistic (LRTS) for each circle center.
print(kss)

        Spatial scan test
        Null hypothesis: constant relative risk
        Candidate cluster regions: circles of radius 0.05
        Likelihood: binomial
        Monte Carlo p-value based on 39 simulations

data:  cho
maxLRTS = 15.905, p-value = 0.15
alternative hypothesis: Excess of points with mark 'larynx' inside cluster region
Rerunning with a radius of 0.1 gives different results:
kss <- scan.test(cho, r=0.05, nsim=39, case=1, method="binomial")
print(kss)

        Spatial scan test
        Null hypothesis: constant relative risk
        Candidate cluster regions: circles of radius 0.1
        Likelihood: binomial
        Monte Carlo p-value based on 39 simulations

data:  cho
maxLRTS = 15.905, p-value = 0.075
alternative hypothesis: Excess of points with mark 'larynx' inside cluster region


Spatial Autocorrelation – Global Moran’s I

# neighbor.R
# This code constructs neighbor matrices and 
# calculates spatial autocorrelation statistics.
# written by A. Shortridge, 11/2016, 11/2017
# uses Michigan election data.

## Load libraries and data files
library(sp)      # for working with spatial data
library(spdep)   # a big library of spatial functions
#help(package=spdep)  # lists general help for this library

load('2016_election_michco.RData')

################################
## BUILDING NEIGHBOR MATRICES ##
################################

## K-nearest Neighbors ##
# using knearneigh() in spdep; k= # nearest neighbors to calculate

mi.coords <- coordinates(mi)
nn3 <- knearneigh(mi.coords, k=3)  # Creates a matrix of nn indexes
mi3.nlist <- knn2nb(nn3, row.names = NULL, sym = FALSE)  # create neighbor list
mi3.sw <- nb2listw(mi3.nlist)  # create a spatial weights matrix

# 5 nearest neighbors
nn5 <- knearneigh(mi.coords, k=5)  # Creates a matrix of nn indexes
mi5.nlist <- knn2nb(nn5, row.names = NULL, sym = FALSE)  
mi5.sw <- nb2listw(mi5.nlist)  # create sp. weights matrix

# 15 nearest neighbors
nn15 <- knearneigh(mi.coords, k=15)  # Creates a matrix of nn indexes
mi15.nlist <- knn2nb(nn15, row.names = NULL, sym = FALSE)  
mi15.sw <- nb2listw(mi15.nlist)  # create sp. weights matrix

# Plot nearest neighbors - not a very good graphic
plot(mi, border='gray80')
plot(mi3.nlist, mi.coords, cex=0.8, add=TRUE)
title('Michigan Counties: 3 nearest neighbors')
axis(1)
axis(2)
#dev.print(png, "mi_neighmap.png", height=600, width=500)

## Contiguity Neighbors ##
# Using poly2nb to find adjacent polygons

poly.nlist <- poly2nb(mi)  # works on SpatialPolygonDataFrame objects
mipn.sw <- nb2listw(poly.nlist, zero.policy=TRUE)  # create sp. weights matrix

plot(mi, border='gray80')
plot(poly.nlist, mi.coords, cex=0.8, add=TRUE)
title('Michigan Counties: contiguous neighbors')
axis(1)
axis(2)
#dev.print(png, "mi_neighmap2.png", height=600, width=500)

############################################
## Calculating Autocorrelation Statistics ##
############################################

GrBr <- colorRampPalette(c('gray20', 'chocolate2'))
GrnBr <- colorRampPalette(c('gray40', 'green3'))

spplot(mi, 'Other_per', col.regions=GrBr(22), main="2016 Percent Voting 'Other'")
#dev.print(png, "mi_2016_other.png", height=600, width=500)

spplot(mi, 'Median_HH_inc_2010', col.regions=GrnBr(22), main="2010 Median HH Income")
#dev.print(png, "mi_hh_income.png", height=600, width=500)

# Calculate Morans I

moran.test(mi$Other_per, mi3.sw)
moran.test(mi$Other_per, mi5.sw)
moran.test(mi$Other_per, mi15.sw)

moran.test(mi$Median_HH_inc_2010, mi3.sw)
moran.test(mi$Median_HH_inc_2010, mi5.sw)
moran.test(mi$Median_HH_inc_2010, mi15.sw)

moran.test(mi$Other_per, mipn.sw, zero.policy=TRUE)
moran.test(mi$Median_HH_inc_2010, mipn.sw, zero.policy=TRUE)

##########################################################
# Previous values used equal weights for all neighbors.
# The following code generates and uses distances as weights
###########################################################
mi5.dist <- nbdists(mi5.nlist, mi.coords)  # calculates distance
# now invert distance to determine weights (closer=higher)
mi5.dist1 <- lapply(mi5.dist, function(x) {ifelse(is.finite(1/x), (1/x), (1/0.001))}) 
mi5.dist2 <- lapply(mi5.dist, function(x) {ifelse(is.finite(1/x^2), (1/x^2), (1/0.001^2))}) 
summary(unlist(mi5.dist1))  # check out the distance distribution

# now create sp. weights matrix weighted on distance
mi5.d1sw <- nb2listw(mi5.nlist, glist=mi5.dist1)  
mi5.d2sw <- nb2listw(mi5.nlist, glist=mi5.dist2)  

moran.test(mi$Other_per, mi5.d1sw)
moran.test(mi$Other_per, mi5.d2sw)

moran.test(mi$Median_HH_inc_2010, mi5.d1sw)
moran.test(mi$Median_HH_inc_2010, mi5.d2sw)

# Print distances and weights under a couple of different schemes
distwts <- cbind(c(sort(mi5.dist[[1]]),sort(mi5.dist[[2]]),sort(mi5.dist[[3]])),
c(sort(mi5.sw$weights[[1]]),sort(mi5.sw$weights[[2]]),sort(mi5.sw$weights[[3]])),
c(sort(mi5.d1sw$weights[[1]],T),sort(mi5.d1sw$weights[[2]],T),sort(mi5.d1sw$weights[[3]],T)),
c(sort(mi5.d2sw$weights[[1]],T),sort(mi5.d2sw$weights[[2]],T),sort(mi5.d2sw$weights[[3]],T)))
print(distwts[1:5,])
print(distwts[6:10,])
print(distwts[11:15,])


##
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Spatial Scan: Elevated Larynx Cases, r=0.05
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