	
	



	
Cluster analysis in R
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This practical is split into sections, which will introduce you to different methods to calculate commonly used global and local cluster statistics using point-level, aggregated and point process data. The focus of this practical is to assess whether and where clustering is present; you will learn how to characterise spatial autocorrelation and include in models in the next session. 

Specifically, the practical will cover:

1. Global measures of clustering in R (Moran’s I, Ripley’s K- function)
2. Local measures of clustering in R (Local Moran’s I)
3. Cluster detection methods in SatScan

In addition, you will have opportunities to visualise data and potential clusters using code you have learned in previous sessions.

Datasets
	Dataset 1. Gambia data. This is data on malaria infection from a cluster survey conducted in Gambia. The dataset contains information on individuals tested for malaria and you should have already aggregated it to the cluster level based on the ID column. Ensure that you have created the following variables in your point-level data before beginning.

	Variable Name
	Description

	ID
	Cluster ID 

	X
	Longitude

	Y
	Latitude

	Npos
	Number of cases of malaria

	N
	Number of individuals surveyed for malaria

	Prev
	Prevalence of malaria 





	Dataset 2. Namibia data. This is data from a case-control study in northern Namibia. Cases presented at health facilities and tested positive for malaria by RDT. Controls were population-based and households were selected from a census database.

	Variable Name
	Description

	HHIS
	Household ID

	X
	Longitude

	Y
	Latitude

	Case
	Case=1, Control =0





	Dataset 3. Scottish lip cancer data. This is aggregated count data of male lip cancer incidence in Scotland counties between 1975-1980. 

	Variable Name
	Description

	District
	District ID

	Observed
	Observed number of cases

	Expected
	Expected number of cases

	%AFF
	Percent working in Agriculture, Fisheries, or Forestry (see text)

	Latitude
	Latitude of district centroid

	Longitude
	Longitude of district centroid




LAB 1
PART I:  Global measures of clustering for point-level data

Global measures of spatial association assume that the spatial process under investigation is stationary (i.e. the dependence structure is the same for any location in a geographic area) and provide a single statistic to measure the degree of clustering throughout the study region. You will be using the point-level Gambia data that you created in an earlier practical to investigate the presence of global clustering.  After importing the data, you will use different techniques to visualise the data and assess whether there villages of higher (or lower) prevalence tend to cluster within the survey area.

Add code #1: Insert code in line 60 to plot the data in google maps using the plotGoogleMaps package as you learned in the an earlier practical. 

Q1: Visually assess the presence of clustering across the study area.

Next, you will be exploring different ways of i) defining neighbors and ii) constructing spatial weights in order to test for the presence of spatial autocorrelation in this data. Keep in mind that a spatially patterned variable (such as temperature) that introduces a trend in the mean can “look like” spatial autocorrelation to the tests. Moran’s I is the most common global test and is for continuous variable such as count data or rates. 

First, you will use the function “Moran.I” using the package “ape” to compute moran’s I using a distance based matrix. Next, you will create a correlogram in package “pgirmess” and explore Moran’s I over different spatial lags, to provide information about where, on average, spatial autocorrelation is maximized. This method uses a normal approximation, rather than randomization, to test the significance. 

Q2: Based on the correlogram, over what spatial lags are there evidence for spatial autocorrelation? Is this clustering positive or negative?

The next approach calculates Moran’s I using a binary distance matrix in which you will define neighbours according to different criteria. During this process, you will check for symmetry and lack of connections between neighbors which could suggest differing spatial interaction between different areas. 

Q3: Think about what is a sensible distance to classify points as neighbors/not. 
Considerations might include the scale of analysis and the distribution of points. 

Q4: Assess the evidence for spatial autocorrelation from the Moran’s I test

Area-level data

In your own time (or at the end of the practical) go through the additional R code “Areal_data_example.R”  to calculate Moran’s I coefficient of autocorrelation for area level data. 








PART II:  Local measures of clustering for point-level data

While global estimates of spatial clustering assume that the spatial process is stationary, this is rarely true in practice and global estimates may obscure local effects. The larger the dataset, the more the risk that any global measures will mask possibly dissimilar local relationships. Local statistics scan the entire dataset, but only measure dependence in limited portions of the study area.

Using the same data, you will now assess the presence of local area clustering using Local Moran’s I. This approach decomposes Moran’s I statistic into contributions for each area within a study region in order to detect clusters of either similar or dissimilar disease frequency values around a given observation. The sum of the LISAs is proportional to the global Moran’s I statistic. 


Q5: In the Moran scatter plot, the centred weighted average is plotted against the observations. Depending on their position on the plot, the Moran plot data points express the level of spatial association of each observation with its neighbouring ones. Are the results plotted on the map as expected based on the scatter plot?


LAB 2
PART III:  Global measures of clustering for point process data

A key difference between spatial point process data and the data discussed in Lab 1 is the measurement of the data (case ascertainment vs sampled data) and its implications for the underlying model. Point level data are usually purposefully sampled and the pattern of locations is not itself of primary interest but rather the data is used to infer aspects of the variable such as prevalence over a larger area. In contrast, point process data are usually event locations and the actual pattern of these locations may contain clusters of events. Therefore, when assessing clustering or detecting clusters of events, the techniques are usually conditioned on location alone rather than the attribute (i.e. prevalence of disease or count data). 

The first part of Lab 2 will give you an opportunity to simulate CSR. Note that different realizations of a random spatial process will appear different but have the same underlying properties.

Next you will import in case and control data from northern Namibia , collected between 

Add code #2: Insert code in line 68 to plot the data using your method of choice

Q1: Visually assess the presence of clustering across the study area.
 
First, you will compute Ripley’s K- function for cases, which is the most commonly used method to describe the spatial dependence of point process data and identifies the distance at which clustering occurs. Note that the different lines in the plot represent different edge corrections (see ?Kest for more detail), the most common of which is Ripley.

Q2: The K-function computed for cases assumes that H0 is complete spatial randomness. What are the limitations of this assumption?

Next, you will explore different methods to compute the difference in K-functions, which compares the K-function calculated for cases with one calculated for controls. 
This represents a measure of the extra aggregation of cases over and above that of the non-cases. You will then use MC randomization to randomly permute the locations of cases and controls and values of the difference function for each permutation. Note that if you carry out more simulations, you will gain more exact p-values. 

Note that when going through Approach #3, it is recommended to restrict the range of s to no greater than 0.5 times the length of the shorter side of a rectangular study area. 



PART IV:  Local cluster detection for point-process data

This practical analyses incident cases of P. falciparum malaria and controls from a prospective health facility-based, unmatched case-control study between December 2012 - July 2014. Cluster analysis will be performed using Kulldorff’s spatial scan statistic, implemented in SaTScan™. Since we are interested in analyzing the locations of malaria cases and controls, we will be using the Bernoulli model. 

The model requires: case and control counts plus geographical coordinates for each location (each with household_id to link the files).  You have exported these files in R in the last section.

Add code #3: In this practical, you must first export three files from the CaseControl.csv data set for use in SatScan:

1. Satscan_cases.csv: columns “household_id”, “ncase”
2. Satscan_controls.csv: columns “household_id”, “ncontrol”
3. Satscan_locations.csv: columns “household_id”, “lat”, “long”


· Load SaTScan and click on Create New Session

Step 1 – Input tab
· We need to import the case data.  Click on the right hand [image: Untitled-2] symbol next to the Case File: section.  Select the SatScan_case.csv file in your folder. 

· The model should be set to Bernoulli.  For Location ID select household_id; for Number of Cases select ncases.  We do not need to add any optional information.  Click Next. 

· SaTScan will generate a case (.cas) file. Create a new folder to save this file in. Then click Import.
· We now need to import our control data, by clicking on the right hand [image: Untitled-2] symbol next to the Control File. Select that the “First row is column name” and assign the Location ID as household_id; for Number of Controls select ncontrol. Click next, choose the folder to save the newly generate .ctl file and then click Import.

· Finally, we need to import the location co-ordinates (SatScan_locations).  Set location ID to household_id. Interestingly, the longitude and latitude are switched in the program, therefore set the  X as “lat” and Y as “long”. Make sure the coordinates are set to Lat/Long

The input tab should look like this: 

[image: ]


Step 2 – Analysis tab
Under the analysis tab, set the type of analysis to “Purely Spatial” and use the Bernoulli as the probability model.  We will scan for areas with high rates. Click Advanced, and note that the maximum percent of the population that can be included in a single cluster is set with a maximum no greater than 50% by default. 

Step 3 – Output tab
Under the Output files tab, specify the name of the file to which the results of the analysis should be written to. Ensure that both the KML file and Shapefile formats are selected for Geographical Output.

Under Column output files, make sure that dBase files are made for Cluster Information and Location Information. SatSCan will now produce a .gis file that contains a list of the locations in each cluster, and a .col file, that gives details of the size of each cluster and the relative risk associated with that cluster. 

· Hit Execute on the main toolbar [image: Untitled-3.jpg].  Examine the results of the analysis.

Questions

Q3: How many significant clusters do you observe, and what is the relative risk (RR, ratio of the probability of the event occurring inside the cluster to occurring outside the cluster) associated with each one?  Which households are in each cluster, and what is the radii of any significant clusters?  


Q4: Is there much difference between the clusters you visually identified and the clusters identified by SaTScan? 


Q5: Suggest possible determinant for the observed spatial clustering? Are there any implications for malaria surveillance and control? 


Part 3: Visualising results
[bookmark: _GoBack]SatScan exports a shapefile of the highest ranked clusters, which can be imported into QGIS, and a kml file of any statistically significant clusters. View these files in Google Earth and QGIS.
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