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QUICK START 

Purpose 

The main purpose of DMAP IV is to provide public health researchers a convenient tool 

to implement the spatial filtering method for computing disease risk estimates at spatial 

locations and performing statistical tests for detecting high disease risk spots within a study 

area. DMAP IV may also be used to analyze binary type spatial point pattern data from other 

fields like geography, ecology. DMAP IV is developed using Microsoft Visual Basic 6.0 

IDE, Enterprise Edition. 

Data format 

DMAP IV uses geocoded disease and population data as input, and computes disease risk 

measures including relative risk and crude disease rate at grid point locations from a fine 

spatial grid (defined by the user) that covers the whole study area. Disease rate estimates and 

a set of test statistics computed at the spatial grid points are saved in table form and can be 

easily exported to GIS software such as ArcMap 9, as well as spreadsheet software (e.g. 

Microsoft Excel) and statistical software (e.g. SAS), for disease mapping and further data 

analysis.  

The primary data file format DMAP IV uses is ASCII (Text) file with a file extension 

“.txt”. Several files used in DMAP IV are comma separated text files, which have two 

equivalent forms, one with file extension “.txt”, and the other with file extension “.csv”. The 

CSV file can be directly opened with Microsoft Excel, while the Text file needs to be 

imported to Excel. The spatial filtering method takes two files – a grid point file and a 

disease-population file as input, and generate a grid rate file including disease rate estimates 

and test statistics values at each grid point as output. All three files involved are comma 

separated files; they can be either Text file format, or CSV file format. 

 
Grid point file 

A grid point file provides a spatial reference grid where the disease risk estimates and test 

statistics are computed. It usually includes four variables, ‘GridID’, ‘Latitude’, ‘Longitude’, 

‘Area_Class’ (Table 1, Figure 1). The first three variables are straightforward, the 

‘Area_Class’ variable is an integer variable with values like 1, 2, …, Etc. ‘Area_Class’ refers 

to a type of classification of the space by certain characteristics, such as rural and urban 
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status, it is only useful when user want to implement a selective filter, details on which are 

discussed in the methodology section. For general, nonselective filters, ‘Area_Class’ is set to 

its default value 0. A fifth variable ‘Filter_size’ could be included in a grid point file to 

specify the filter size in miles for each grid point. It is critical to keep the orders of the 

variables in a grid point file strictly as listed for DMAP IV to run correctly. 

Table 1 Data structure of a grid point file 

GridID Latitude Longitude Area_Class Filter_size (optional) 
1 41.855093 -93.925459 1 1.2 

…… …… …… …… …… 
 

 
Figure 1 Snapshot of a grid point file “grid01.txt” 

Disease-population file 

A disease-population file stores disease and population observations. Each record (line) 

refers to a spatial point observation with latitude-longitude coordinate. The record could 

come from individual observation, such as a disease case geocoded by his/her residence 

address. It could also represent many observations associated with one spatial area such as a 

census tract; then the latitude-longitude coordinate comes from the centroid of the spatial 

area. Table 2 below listed the seven variables of a disease population file in correct order. 

The variables ‘Disease_Obs’, ‘Disease_ExpH0’, and ‘Population’ refer to the number of 

observed disease cases, the number of expected disease cases under H0, and the number of 

population at risk associated with the record respectively. ‘Disease_Obs’ and 

‘Disease_ExpH0’ are the two variables used to compute relative risk, ‘Disease_ExpH0’ is 

also used in Monte Carlo simulation. ‘Disease_Obs’ and ‘Population’ are used to compute 

crude disease rate, but it is just a secondary measure of interest comparing with SMR. The 

‘Area_Class’ determines which area class the record belongs to; it has the same meaning as 
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in the grid point file, with a default value 0. It is critical to keep the orders of the variables in 

a disease-population file strictly as listed for DMAP IV to run correctly. 

Table 2 Data structure of a disease-population file 

RecordID Latitude Longitude Disease_Obs Disease_ExpH0 Population Area_Class 
1 41.726759 -93.706292 8 3.9 2500 1 
…… …… …… …… …… ……  
 

 
Figure 2 Snapshot of a disease-population file “diseasepop_real.txt” 

 
Grid rate file 

A grid rate file is the output file of a spatial filtering procedure; it contains 22 variables 

(Table 3). The first four variables are identical to the first four variables from the input grid 

point file. Variables 5 to 8 including ‘Filter_miles’, ‘Num_obs’, ‘Num_exp’, “Num_pop’ are 

summary statistics at each spatial filter. For variables 9 and 10, ‘CrudeRate’ is the crude rate 

estimated by ‘Num_obs’ divided by ‘Num_pop’; ‘SMR’ is the relative risk measure 

estimated by ‘Num_obs’ divided by ‘Num_exp’. Variables 11-15, ‘Zvalue’, ‘Pvalue’, 

‘Pvalue_sim’, ‘FDRp05’, ‘RFTp05’ are test statistics. Variable 16-22 are the weighted 

version of the corresponding variables (e.g. WSMR vs. SMR) computed using a weighted 

spatial filter (also read Page 27 from Section “Spatial filtering module”). 
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Table 3* Example of a grid rate file from the spatial filtering functions 

GridID 139 201 111 323 
Latitude 41.595093  41.598426  41.61176 41.68176 
Longitude -93.670459  -93.604626  -93.604626 -93.69213 
Area_Class 1 1 1 1 
Fliter_miles 0.590  0.807  0.654 2.339 
Num_obs 55 46 31 25 
Num_exp 22.5  22.4  22 22 
Num_pop 7120 8035 6802 7399 
CrudeRate 0.00772 0.00572 0.00456 0.00338 
SMR 2.44  2.06  1.41 1.14 
Zvalue 6.84  4.99  1.91 0.64 
Pvalue 3.96E-12 0.0000003 0.0279 0.2612851 
Pvalue_sim 0 0 0.019 0.2715 
FDRp05 1 1 0 0 
RFTp05 1 1 0 0 
WCrudeRate 0.00781 0.00568 0.00435 0.00368 
WSMR 2.58 2.14 1.34 1.22 
WZvalue 4.33 3.12 0.92 0.589 
WPvalue 0.00000734 0.000896 0.17831703 0.2781159 
WPvalue_sim 0 0 0.0481 0.1753507 
WFDRp05 1 1 0 0 
WRFTp05 1 0 0 0 

* The table has been transposed for easy lay-out, each column represent a record with 22 variables 
 

 

Figure 3 Snapshot of a grid rate file “gridratereal.txt” 
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A test run of DMAP IV 

The following example gives a step-by-step example of the spatial filtering procedure 

using the sample files given in the “test_data” folder. “grid01.txt” is the grid point file 

including 742 grid points; “diseasepop_real.txt” is a simulated disease population dataset 

including 7,375 observations.  

Step 1: Start DMAP IV.exe by double click the icon. 

 

 

Step 2: Click Menu “Analysis”-> “Spatial Filtering…” 
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Step 3: Click the first “add data” icon (in red circle) on the “Spatial Filtering Method” Panel, 
A standard open file dialog window will pop up, navigate to the “test_data” folder and open 
“grid01.txt” 

 

 
Step 4: Following Step 3, a window will pop up, for this example, simply click “No” 
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Step 5: Click the second “add data” icon (in red circle) on the “Spatial Filtering Method” 
Panel, A standard open file dialog will pop up, navigate to the “test_data” folder and open 
“diseasepop_real.txt” 

 
 
 
Step 6: Now both grid point file and disease-population file are loaded, the “Setup spatial 
filter parameters” frame is enabled, select “Adaptive Filters”, type “22” in the “Denominator 
Size” text box, then click the “S” button (in red circle)  
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Step 7: Click the bottom functional button “Rate and Test (Real)” (in red circle), a window 
will pop up prompting number of simulations; For this example, enter 999 and click “OK” 

 
 
Step 8: The spatial filtering procedure takes a few minutes to run, towards the end, a standard 
save file dialog window will pop up, save the grid rate file as “gridratereal.txt” in the 
“test_data” folder. 
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Step 9: change the extension of  file “gridratereal.txt” to make it “gridratereal.csv”, open it 
with Excel, look at the values 

 
 
 
The following steps require ArcMap GIS software 
Step 10: Open the ArcMap document “maps.mxd”, The map shows the spatial boundary of 
Polk County, Iowa, the Green boundaries are boundaries urban areas. Notice the Map is not 
projected 
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Step 11:  

(1) In ArcMap, go to menu “Tools”-> “Add XY Data…”.  

(2) The “Add XY data” will pop up, navigate to “test_data” folder and select 
“gridratereal.csv” to add 

(3)“Xfield” an “Yfield” should automatically be filled. Click “OK”, the grid points will then 
show on the map. 

 
(1) 
 

 
(2) 
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(3) 
 
Step 12: Use the “inverse distance weighted” interpolation tool in ArcMap’s “Spatial 
Analyst” toolkit to produce a smoothed surface map of disease risk. The variable from the 
grid rate tabel used is “WSMR” 
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DMAP IV –MODULES AND PROCEDURES 

The main functional modules of DMAP IV and data flows between the modules are 

illustrated in the diagram below: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4 Data flow diagram of DMAP IV 

As the diagram in Figure 4 shows, there are three main functional modules (the square 

boxes) in DMAP IV; while the data flow indicates a two-stage procedure from original 

disease and population data to the computed disease rates. The first stage may be called data 

preparation stage, since it prepares necessary input data for the ‘spatial filtering module’. 

Two modules, the ‘data preprocess module’ and the ‘spatial point pattern generator’, are 

involved in the first stage. The ‘data preprocess module’ provides functions to take various 

types of raw disease and population data, reformat them, and combine them into a standard 

disease-population table (described in Table 2). The ‘spatial point pattern generator’ can 

generate a spatial point dataset within a spatial area following one of several types of spatial 

patterns, including a regular spatial grid pattern. In the second stage, the ‘spatial filtering 

method module’ takes the formatted disease-population table and a spatial grid point table 

prepared from the first stage as input to compute disease rate estimates at grid points using 

the spatial filtering method (choices of filters include fixed distance, spatial adaptive, 

Data 
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Population 
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for each grid 
point, 
including 
estimated 
rate, p-values 
from the 
different 
tests, spatial 
filter size 
etc.) Spatial grid 

points table 
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selective and weighted). Significance measure for the disease rates are also computed using 

three methods: the point-wise p-value, the FDR approach, and the RFT approach. 

Data preprocess module 

The function of the data preprocess module is to help produce a clean, well formatted 

disease-population table (Table 2) as input data of the spatial filtering module. Based on the 

spatial scale of the data, there are three disease-population combinations in disease mapping; 

they are case-control data, case-population data, and area data. Different steps are needed to 

transform and combine the data together into the standard format as Table 4.1 shows. 

Case-Control data 

Case-Control data are individual spatial point data. Disease cases are diseased 

individuals observed at a study area, population controls are individual non-diseased 

population samples, each case and each control have their own individual level geocodes 

(e.g. latitude-longitude coordinates) usually referring to their residence addresses. For case-

control data, the original data should be very close to records in Table 2 in format. Data 

manipulation can easily be done in spreadsheet software like Excel or Microsoft Access, so 

no special function is implemented in DMAP IV to process case-control data. There are some 

details in process case-control data that are worth noting, and they are listed in Table 4 

below. 

Table 4 Actions to reform case-control data into a standard disease-population table 

Date Item Action 
Record ID, Latitude, Longitude Should be already provided, do nothing 
Disease_Obs Assign value 1 to a case record, 0 to a control record 
Disease_ExpH0 E=n1/(n1+n2), or from other model, such as predicted 

probabilities from a logistic regression model 
Population Simply 1, because every record represents one individual.  

The crude rate computed useing this ‘Population’ is not real, 
because the sum of all cases and controls are much smaller 
than the real population 

Area_Class They may have been provided in the original data, if not, use 
a point-in-polygon operation in GIS software or DMAP IV to 
determine its value for a spatial point observation 

Case-Population data 

Case-population data are slightly different from case-control data. The cases are 

individual disease cases the same as before. But the population data are not exactly the same 

as the controls. First they refer to the whole population at risk in a study area instead of just a 
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sample. Second they are not at the individual level, because it is not possible to acquire 

information on every individual in an area due to limitations of cost and privacy 

requirements. Instead, they mainly refer to high-resolution spatial population data at a scale 

larger than individual, but smaller than any known census areas. For example, the 90 meter 

resolution LandScan USA population distribution data developed by the ORNL (Bhaduri et 

al. 2002). A high spatial resolution population raster can provide more spatial details on 

population distribution than the commonly used Census population by spatial polygons, and 

is therefore more promising in population-related studies such as mapping spatial disease 

risk. For disease mapping purposes, a spatial population raster usually provides enough 

spatial accuracy to be treated as individual-level data. Since our goal is to combine disease 

and population data together into a table with the format as shown in Table 2, it is necessary 

to transform a spatial population raster into a set of spatial points with population counts. 

DMAP IV has a ‘Raster Data Aggregation’ tool to facilitate this work. The population raster 

for an area is first converted from an ArcGIS® raster format to a ASCII file using an 

ArcGIS® data conversion tool, then DMAP IV will read in the converted ASCII file, and 

transform it into a comma separated ASCII file with each line representing a spatial point 

with population (Figure 5b). Notice that the original population raster should use latitude-

longitude coordinate system instead of any projected coordinates, as shown in Figure 5a. 

 

 

(a) 
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(b) 

Figure 5 Example of the ASCII files for the input raster data (a) and the output spatial points 

(b) 

 

Figure 6* Interface of the “Raster Data Aggregation” tool in DMAP IV 
* Accessed through the menu item “Data Preprocess” 

 
The ‘Raster Data Aggregation’ tool has a GUI interface as shown in Figure 6.  

Step (1) displays the basic summary information of a spatial raster read from a spatial 

raster ASCII file.  

Step (2) specifies aggregation level (N:1), aggregation method (simple or weighted) and 

threshold value. An aggregation operation pools all population counts from N by N 

consecutive raster cells into one spatial point, it is very effective in reducing the number of 
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population points in the output population table and therefore can save future computation 

time. For example, if we set N equals 5, we will aggregate population observations from 25 

cells into one spatial point. During aggregation, we can also choose whether we want the 

spatial point to locate at the center of the N by N cells (Simple Aggregation) or at the 

population weighted centroid of all the relevant population cells (Weighted Aggregation). 

The ‘Threshold Value’ parameter is used to pick out population cells with high (e.g. 50) 

population counts and save them as separate spatial point records. By saving accurate 

locations of high populated cells, we can increase the spatial accuracy of the spatial point 

population data. 

Step (3) will generate the output spatial point population file. If a spatial polygon ASCII 

file (transformed from vector format to raster format using ArcGIS®, and then exported to 

ASCII file with format similar to Figure 5a is available, the program can also attach a 

polygon ID to each spatial point population record (Figure 5b) and produce a population 

centroid file as well. Once the spatial population points table is produced, it can easily be 

combined with the given spatial disease case data and transformed into a disease-population 

table. Procedure to merge disease case records and the population point records is shown in 

Table 5 below.  

Table 5 Actions to merge case-population data into a standard disease-population table 

Date Item Action 
Record ID, Latitude, Longitude Might need to reassign Record ID when combining disease case 

table and population table 
Disease_Obs Assign value 1 to a case record, 0 to a population record 
Disease_ExpH0 Assign 0 to a case record, assign an age-sex adjusted expected 

number of disease to a population point computed from indirect 
age-sex standardization, age-sex information of a population 
point is extrapolated from its corresponding census area 

Population Assign 0 to a case record, while the population point already has 
a population value 

Area_Class If not provided in the original data or not assigned in a 
population point file, use a point-in-polygon operation in GIS 
software to determine 
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Figure 7 Spatial population points and population centroids produced by DMAP IV 
through aggregating a 90m population raster (at background, grey means no population, 

darker color means more population) 
 

Area data 

Area data refers to aggregated disease and population data at spatial areas like counties. 

It might be the most accessible data form since health and population statistics are usually 

provided by areas. Geographical centroids (or population centroids) are commonly used as 

the spatial reference for area data, values like disease count and population count should 

already be provided. Transforming given area-level disease and population data into the 

standard disease-population table requires only common GIS and table manipulation; no 

special function is developed in DMAP IV for handling area data. 
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Table 6 Actions to transform given area disease and population into a standard disease-
population table 

Date Item Action 
Record ID, Latitude, Longitude If not provided, latitude-longitude coordinates of area 

centroids can be computed use GIS software 
Disease_Obs Should be provided 
Disease_ExpH0 compute age-sex adjusted expected number of disease for an 

area using indirect age-sex standardization method 
Population Should be provided 
Area_Class Should be provided 

 

Point-in-Polygon tool 

Several data Items in the final disease-population table (Table 2), such as 

‘Disease_ExpH0’ and ‘Area_Class’, relies on identification of the polygon area the spatial 

point record falls in. This can always be done using a point-in-polygon operation in GIS 

software like ArcGIS®. DMAP IV also has a ‘Point-in-Polygon’ tool to do the job. When the 

operation is just one interim step towards the spatial filtering step and the files are all ASCII 

files, it might be more convenient to use the ‘Point-in-Polygon’ tool than to first import a 

spatial point file to GIS and then export the spatial point file with area labels back to DMAP 

IV. There are three steps in the DMAP IV ‘Point-in-Polygon’ tool as shown in Figure 8. The 

spatial point file in Step 1 should have the first three columns fixed as ID, latitude and 

longitude (Figure 9 -left). The polygon Raster file in Step 2 is an ASCII rater file with the 

same format as in Figure 5a; value of a cell in the polygon Raster is a polygon ID. A new 

spatial point file with one extra variable ‘Poly ID’ comparing with the original spatial point 

file is generated when we finish step 3 (Figure 9 -right). 
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Figure 8* Interface of the “Point-in-Polygon” tool in DMAP IV 
*Accessed through the “Data Preprocess” menu 

 

Figure 9 A spatial point file before (left) and after (right) the ‘Point-in-Polygon’ 

operation in DMAP IV 
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Spatial point pattern generator 

The ‘spatial point pattern generator’ is a tool in DMAP IV to generate spatial points 

following certain spatial patterns. It is can be used to create a spatial grid point file for 

implementing the spatial filtering, as well as other useful spatial point data such as simulated 

spatial points as disease cases. The GUI interface for the ‘spatial point pattern generator’ is 

shown in Figure 10 below. 

 

Figure 10* Interface of the “spatial point pattern generator” tool in DMAP IV 
*Accessed through the “Data Preprocess” menu 

 

Step 1: Set the spatial range within which the spatial points will be generated 

User can choose to use a square area by specify the latitude-longitude coordinates of the 

top-left corner and the bottom-right corner the spatial square. Notice that the square in 

latitude-longitude scale is not a real square if the area is large. Another option is to use a 

known spatial area by read in the corresponding spatial boundary file (a spatial raster ASCII 

file, as we have used in the ‘Raster Data Aggregation’ tool). 
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Step 2: Four functions for generating four types of spatial points are developed 

A) The function ‘Single-distance Regular Points’ can generate regular spatial points 

with fixed distance at latitude and longitude directions within an area. User 

specifies the distance between the points with the unit miles, and the function 

will create an ASCII file contains all the generated spatial points, with data items 

separated by comma (Figure 9 left). The distance computation is based on the 

great circle distance equation with a maximum error of about 50 meters. When 

an area boundary file is used to confine the spatial extent of the grid points, the 

grid point generation algorithm will first generate all grid points within the 

minimum bounding square of the area and then remove the points falling outside 

the area boundary. Example of a regular grid within an irregular area is shown in 

Figure 11 (a). 

B) The function ‘Multi-distance Regular Points’ can generate regular spatial points 

with multi-distances within an area and export to an ASCII file with the format 

as shown in Figure 9 (left). Basically, the spatial area is divided into a baseline 

region and some sub-regions; distance between grid points in the baseline region 

can be different from distance between grid points in a sub-region. For example, 

in Figure 11 (b), grid points are 0.8 miles apart in the baseline region (white area) 

and 0.2 miles apart in the sub-region (grey area). The reason to generate grid 

points of different scale is to achieve some optimum setting. Densities of 

population and disease observations are much higher in small urban areas than in 

large rural areas. If we use a relatively large between-grid distance throughout 

the area, there will be too few grid points in urban areas to capture detailed 

spatial variation in disease risk. If we use a small between-grid distance, we will 

end up with a lot of redundant grid points in large rural areas with only sparse 

data, which will largely increase computation load for the spatial filtering 

algorithm. The multi-distance grid setting provides a reasonable solution to 

reduce computational load without missing spatial details in important areas. The 

algorithm to generate such a point pattern is a recursive version of the algorithm 

to generate the single-distance regular points. We start from generate grid points 

for the whole area using the distance for baseline region, then we replace those 



 

 

22 

 

points falls in the sub-regions with new grid points within these sub-regions 

following the corresponding distance specification. 

C) The function ‘Simple Random Points’ will generate spatial random points within 

the area, the user need to specify the number of points to generate. The output is 

an ASCII file with format shown in Figure 4.8. The function might be convenient 

for some analysis purposes, although there is no specific use of the generated 

simple random points in the spatial filtering procedure. Figure 11 (c) gives and 

example of spatial random points in an area. 

D) The function ‘Weighted Random Points’ modify the probability of the 

occurrence of a spatial point at a location by applying a weight. The user will 

specify a weight raster that covers the whole area (with the format of ASCII 

raster file as in Figure 5a), and the number of random points to generate. To 

generate a random spatial point, the algorithm first scan the weight raster row by 

row to compute the total weight of each row and assign probability of the point 

happened in a row based on its weight. Once a row is picked, a cell within the 

row is picked randomly with probability proportional to corresponding cell 

weight. The centroid of the cell is used to represent the spatial location of the 

random point. The procedure is repeated until the desired numbers of spatial 

points are generated. This function may be used to simulate spatial disease 

points. In Figure 11 (d), 150 random points are generated with weight within 

grey area assigned 5, and weight within white area assigned 1. 
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(a) (b) 

(c) (d) 

Figure 11 Example of different types of spatial point patterns created by the ‘spatial point 
pattern generator’ tool: (a) regular grid points with one uniform distance; (b) regular grid 

points with two distances; (c) complete random points; (d) weighted random points 
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Spatial filtering module 

Spatial filtering module is the central functional module of DMAP IV, this is where all 

the variety of spatial filtering methods (e.g. adaptive filter, selective filter, weighted filers 

and the significance test functions – See the METHODOLOGY chapter) are actually 

implemented. The Interface of spatial filtering module is shown in Figure 12 below. 

 

 

Figure 12 Panel Interface of the spatial filtering module in DMAP IV 

 

The interface is naturally divided into four sections, indicating the four steps to 

implement the spatial filtering method: 

Step 1: Input grid point table  

The spatial grid point table is a comma separate ASCII file. It includes four data items: 

‘GridID’, ‘Latitude’, ‘Longitude’, and ‘Area_Class’. The last item ‘Area_Class’ is required if 

a selective filter is to be implemented, otherwise it is optional. Once the ‘add file’ button 

(with green cross icon) is pressed, a standard open-file dialog window will pop out to let user 

to add the grid file. A prompt window will follow to ask whether the user want to use 
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selective filter. If ‘yes’ is the answer, another input window will pop up for entering an area 

class value. Suppose the study area is divided into three classes of sub-areas, and the grid 

points and disease-population observations have been marked by their corresponding area 

classes. We will need to repeat the four-step spatial filtering procedure three times to 

complete the computation for the whole area. 

The primary approach to prepare a spatial grid point file is to use the “spatial point 

pattern generator” module in DMAP IV. The most likely form is regular spaced grid or 

multi-distance regular grid as shown in Figure 11 a & b, and we can always add the 

‘Area_Class’ item to a spatial point file using the ‘point-in polygon tool’. 

Step 2: Input disease-population table 

The disease-population table is also a comma separate ASCII file. It includes seven data 

items with the strict order as shown in Table 2. 

Step 3: Setup spatial filter parameters 

There are three options to setup spatial filters, as clearly shown in the software panel 

interface.  

A) The ‘Fixed Distance Filters’ option will apply the same size (e.g. 10 mile radius) 

spatial filters to all grid points involved in the computation, the text box to the right 

side of the Option button ‘Fixed Distance Filters’ is used to enter the filter size, with 

measuring unit mile. 

B) The ‘Existing Filters’ option works when the input grid point file has an extra 

‘Filter_Size’ item available (Table 1). This option is useful when we perform spatial 

filtering computation to multiple diseases and want to use the same set of spatial 

filters. For example, we can first use the spatial adaptive filters to compute disease 

rates for breast cancer for an area and save the corresponding filter sizes at all the 

grid points, the filter size values can then be used to compute spatial disease rates for 

other types of cancers for the area using the “Existing Filters” option. Cancer rates 

for different cancers are now comparable because they use exactly the same spatial 

filters. A grid point file with ‘filter size’ item includes five data items in the order of: 

‘GridID’, ‘Latitude’, ‘Longitude’, ‘Area Code’, and ‘Filter Size’. The minimum and 

maximum spatial filter size will be displayed in the two information boxes to the 

right side of the Option button ‘Existing Filters’. 
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C) The ‘Adaptive Filters’ option will control all the spatial filters to contain exactly the 

same number of expected disease cases, if the observations are by area and not 

possible to reach the exact number, the closest larger value than the specified number 

will be used. A tool to find minimum sufficient number of expected disease cases to 

meet the statistical testing criteria (see the METHODOLOGY chapter) is 

implemented in the functional button “Optimal Filter” next to the Option button 

‘Adaptive Filters’. User need to specify minimal relative risk to detect (e.g. 1.5) and 

type-I error level (e.g. 0.05). The computed value of the expected number of disease 

cases will be displayed in the information box of “Denominator Size”. To guarantee 

that the normal approximation used in computing the expected disease counts is 

valid, the resulting expected number can’t be too small. A minimal value of 18 is 

recommended. 

Step 4: Spatial filtering to compute spatial disease rates and test for high risk areas 

There are four function buttons beneath the options frame at the lower part of the 

“Spatial filtering module” panel interface. 

A) The “Simulate Case” functional button is used to generate a set of simulated 

disease cases. It uses the disease-population table read in step (2) as input, and export 

an ASCII data file with exact the same format as the original disease-population 

table, except that the fourth data item ‘Disease_Obs’ (Table 2) is replaced with the 

simulated disease cases. The core of the simulation is a random labeling algorithm. 

The algorithm first sums up all the values in the fifth data item ‘Disease_ExpH0’ to 

determine the total number of disease cases to generate (N), then randomly assigns a 

simulated disease case to one of the M records in the disease-population table with 

probability proportional to the corresponding value of ‘Disease_ExpH0’, and repeat 

the random assignment step N times. This function is mainly used to produce a set of 

random disease cases that can be used for computation or illustration purpose. 

Although not quit directly related to the spatial filtering method, the random labeling 

algorithm described is used intensively in the two main spatial filtering functions 

“Rate and Test (Real)” and “Rate and Test (Sim)”.  

When the button is clicked, an input box will pop up asking for the column 

number where the expected disease counts are stored. If both column 4 and 5 are 
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expected disease counts from different assumptions (i.e. H0 and H1), either on can be 

used. A second message box will pop up asking whether to use external 

standardization (Figure 13). If yes, then the program will generated N1 (N1 = the sum 

of the selected column) number of simulated cases; if no, the program will always 

generate N0 (N0 = the sum of the H0 column) simulated cases. 

 

Figure 13 The external standardization option message box 

B) The “Rate and Test (Real)” functional button computes a set of measures and test 

statistics at spatial grid points by applying the specified spatial filters from step (3) 

on disease-population data loaded from step (2). The Real means the ‘Disease_Obs’ 

data item are from real disease observations instead of simulations. The disease rate 

measures and statistics include: Crude rate, SMR, and four test statistics for the SMR 

including pointwise P-value using normal approximation (Pvalue), pointwise P-value 

using Monte Carlo Simulation (Pvalue_sim), result from false discovering rate 

controlling procedure with FDR equals 0.05 (FDRp05 = 1 if a rejection occurs, 

otherwise 0) and result multiple testing control procedure using random field theory 

with family-wise type I error at 0.05 (RFTp05 = 1 if a rejection occurs, otherwise 0). 

A weighted version of the above statistics using a weighting scheme of (4, 2, 1) for 

the first, second, and third 
3
1

 of the disease observations within a spatial filter are 

also computed (for details on weighted spatial filter, refer to Section 3.2.2.2.2). So a 

total of twelve statistical measures are computed and ready to be mapped using GIS, 

example of an output table from the spatial filtering computation is shown in Table 3. 

I should point out that the FDRp05 measure is only valid for computations using the 

adaptive filters or existing filters from previous adaptive filters, due to the way the 

reference distribution is constructed. 
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When the button is clicked, an input box will pop up asking for how many 

simulations to run for constructing the reference distribution of observed counts given H0 

for testing purposes, a large number like 999 is proper. 

The spatial filtering computation of all the statistics relies on two key algorithms. 

One is the random labeling algorithm to generated simulated disease cases just 

introduced. It is specifically used in the computation of point-wise P-value (simulation 

version) and the FDRp05 measures. The other is a spatial blocking algorithm for fast 

construction of the spatial filters, which is fundamental to the computation of all the 

statistic measures. Details on the spatial blocking algorithm are provided below: 

Suppose there are N1 grid points and N2 disease-population records, a brute-force method 

to construct spatial filter for a grid point is to compute its distance to all N2 points, order 

them by distance and then pick out disease-population records from the nearest location 

until the cutting point (distance or accumulative expected cases) is reached. The 

computation time of this crude algorithm is )( 21 NNO × . The N1 can be reduced through 

smart arrangement of the spatial grid points, such as using multi-distance regular points 

(Figure 11b), but can’t be removed. Because the output file contains N1 records and they 

have to be computed one by one. The N2, however, may be reduced to something close-

to-constant, and therefore largely decrease the computation time when N2 is large (e.g. 

100,000 data points). The solution is a spatial blocking algorithm. The idea is to divide 

the spatial area into many regular sized blocks; blocks with large number of observations 

can be furthered divided in to several regular sized mini-blocks. Once the blocking 

system is formed, each record in the disease-population table will be labeled with the 

corresponding block (and mini-block) ID. To construct a spatial filter from the grid point, 

we can first construct a minimum confining box composed of spatial blocks surrounding 

the grid point. The minimum confining box is defined based on either distance or 

accumulative expected cases criteria. For example, if we use a 10 mile fixed spatial filter, 

all spatial blocks included, crossed or touched by the 10 mile radius spatial circle 

compose the minimum confining box. If we use a 20 expected disease cases adaptive 

spatial filter, the minimum confining box should meet the condition that the maximum 

spatial circle from the grid point that is 100% contained in the box should include at least 

20 expected disease cases. Efficient algorithms for delineating both types of minimum 
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confining box are implemented in the spatial filtering function in DMAP IV. Once the 

minimum confining box is delineated for a grid points, disease-population records within 

the box can be quickly pulled out based on their Block ID label. Distances between the 

grid point and this much smaller (comparing with N2) set of points can be computed and 

sorted. With this sorted distance array, records within a spatial filter can be easily found 

for computing the disease rates and other statistical measure. Figure 14 below provides a 

graphical illustration of a spatial filter, spatial blocks, and a minimum confining box. 

 

Figure 14 Illustration of a two-level spatial blocking system for a square area, with a 

spatial filter (the circle) and its corresponding minimum confining box (gray area) 

 

C) The “Rate and Test (Sim)”functional button is very useful for carrying out 

simulation studies to evaluate the performance of the spatial filtering method under 

different disease pattern scenarios. It computes the same set of measures and test 

statistics at spatial grid points as the “Rate and Test (Sim)” function. Instead of real 

disease observations, simulated disease cases from a hypothetical disease pattern 

(H1) are used for the ‘Disease_Obs’ variable. This is where the name Sim comes 

from. To generated the simulated disease cases, the ‘Disease_Obs’ column (the 
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fourth) in the input disease-population file is replaced with ‘Disease_ExpH1’- the 

expected disease cases at each spatial record according to the hypothetical disease 

pattern H1 (Table 7). The procedure of spatial filtering now contains two parallel 

simulations, one to generate simulated disease cases that are consistent with the 

hypothetical disease pattern H1; another to generate a large number of repeated 

simulated disease cases according to the null hypothesis H0 to construct the empirical 

reference distribution of disease rate for testing purposes. Both simulations are based 

on the random labeling algorithm. For the H1 simulation, since one set of simulated 

cases are subject to random error, while large number of repeated simulations are 

unrealistic since we can only have one set of disease observations in reality. A 

compromise is to generate a few H1 simulation datasets (e.g. 7) and compute 

corresponding disease rates according to each set of simulated cases and only report 

the median values of the multiple sets of disease rate values and test statistics to 

remove the effect of statistical randomness. For the H0 simulation, a large number of 

simulation iterations is necessary to construct a valid empirical distribution, yet too 

many runs of simulation will require more computation time, a default value of 999 

simulation is used in the “Rate and Test (Sim)” function. Besides these specifications 

on simulations, the rest of the procedures and algorithms used in the “Rate and Test 

(Sim)” function is pretty much the same as the “Rate and Test (Real)” function. 

When the button is clicked, an input box will pop up asking for the number of 

runs for H1 simulation, as has discussed, a small odd number like 7 is proper. A 

second message box will pop up asking whether to use external standardization 

(Figure 13). If yes, then the program will generated N1 (N1 = the sum of the selected 

column) number of simulated cases; if no, the program will always generate N0 (N0 = 

the sum of the H0 column) simulated cases. 

Table 7* Example of disease-population table used in the “Rate and Test (Sim)” function  

Record ID Latitude Longitude Disease_ExpH1 Disease_ExpH0 Population Area_Class 
1 41.855093 -93.925459 2.5 5.4 3200 1 
2 41.726759 -93.706292 7.1 3.9 2500 1 
…… …… …… …… …… ……  
* notice that the grey column is different from the disease-population table shown in Table 2 
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METHODOLOGY 

Indirect standardized disease rate 

The computation of SMR and the corresponding test statistics are based on indirect 

standardization method. Below are equations for computing indirect standardized disease rate 

of a local population. 

iindirecti SMRRR ×=,        (1) 

iii EOSMR /=        (2) 

�
=

×=
m

k
kiki NRE

1
,        (3) 

R: crude disease rate in the standard population 

SMRi: standardized mortality/morbidity rate at area i 

Oi: observed cases/deaths in local area i 

Ei: expected cases/deaths in local area i  

Rk: stratum-specific disease rate for age and sex stratum k in the standard population 

Ni,k: the population of age-sex stratum k in local area i 

 

Original spatial filtering method 

Rushton and Lolonis (1996) introduced the spatial filtering method for estimating 

disease rates and for detecting significantly high/low disease risk areas. The method can be 

summarized in the following three steps. 

Step 1: Define a fine resolution regular lattice of grid points to cover the mapping area.  

Step 2: Draw fixed distance circle around each grid point (Figure 15), count the number 

of cases (numerator) and population at risk (denominator) within each circle during the time 

period. Compute the ratio of the two counts for each grid point. To avoid the small-number 

problem, rates are not computed for grid points with insufficient at risk population (by 

empirical judgment) within their supports. 
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Step 3: Generate simulated random cases from the population at risk, by assuming each 

individual within the population at risk has equal chance of being a case event (the null 

Hypothesis H0). Run the simulation many times (e.g. 999). For each round of the simulation, 

repeat step 2 while replacing the real cases with simulated cases. Through this way, a 

reference distribution of disease rates (or count of simulated cases) at each grid point can be 

constructed, and an empirical p-value of the observed rate can be computed by comparing the 

observed rate (or count of real cases) with the reference distribution at this grid point. For 

example, if the observed rate (or cases) at a grid point computed from step 2 is larger than 

997 of the 999 simulated rates (or cases), then the p-value of the observed rate is 

Pr(simulated >= Observed|H0) = 3/ (999+1) = 0.003 (Figure 16).  

 

Figure 15* Illustration of a 0.5 mile regular grid and 0.4 mile radius spatial filters 
 *Reproduced from (Rushton and Lolonis 1996) 
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Figure 16 Illustration of a simulated reference distribution of counts of simulated disease 
cases in a spatial filter and the corresponding empirical P-value for the count of observed 

case (at the vertical line) 
 

Adaptive spatial filter – find optimum size 

The idea of adaptive spatial filter is to keep the number of observations in each filter 

constant while adjusting the physical size of a spatial filter according to the density of 

observations (Talbot et al. 2007). We utilize the relationship between sample size and 

significance level in standard statistical testing procedure to find the optimum filter size in 

terms of the number of observations. For the objective of testing for high disease rate, the 

most common null hypothesis is that the relative risk at a local area is one, i.e. H0: 1=iR . For 

such a test, researchers would prefer to control the type-I error of false rejection of H0. 

Depending on the underlying statistical distribution for the disease rate (e.g. binominal or 

Poisson), the minimal sample size can be computed given a certain level of type-I error and 

rate difference. Here I use SMR discussed in chapter two as the estimate for relative risk R. 

Suppose for a given grid point i, the corresponding relative risk estimate using spatial 

filtering is
i

i
ii E

O
SMRR ==ˆ . If we wish to reject H0 given an observed relative estimate iR̂  

that is higher than 1, with one-side type I errora , i.e. the probability of observing iRSIˆ  or 

higher, the following condition need to be met: 
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a£= )1|ˆ( ii RRP  , which is equivalent to: 

)1ˆ()1|ˆ(1 -£=×- iii RRRSEZ a      (4) 

Since
ii

i
ii

EE

E
RRSE

1
)1|ˆ( ===      (5) 

When the observed cases Oi is assumed to be Poisson distributed. The previous equation 

can then be rewritten as: 

2

2
1

)1ˆ( -
³ -

i
i

R

Z
E a

       (6) 

The equation can be conveniently used to compute the expected number of cases (Ei) 

given certain combinations of iR̂  and a . For example, if 5.1ˆ =iR and 01.0=a , the 

requirement for Ei is 22³iE . A spatial filter can then be constructed by expand the circle 

from the centroid until enough population at risk is included so than Ei just reach or over 22. 

From the equation, we can easily tell that the minimal value of Ei needed is negatively related 

to type-I error (smaller a  requires Ei given fixed iR̂ ), and negatively related to detectable 

difference as well (smaller )1ˆ -iR requires larger Ei given fixed a ). It is necessary to point 

out that the equation works well only if the calculated E value is relatively large (e.g. 20), 

which is necessary to justify the normal approximation of the relative estimateiR̂ . If a small 

E is calculated from the above equation, we need to recalculate E directly from Poisson 

distribution. In practice, however, if the calculated E is too small, the corresponding standard 

error of the SIR estimate will be too large. If E is too large, the spatial filters will turn to 

over-smooth the data while masking interesting spatial patterns of disease risk. A practical 

approach is to use the equation to compute E given some predetermined combination ofR̂  

anda , if the E value is reasonably large (say 30), then stay with 30. If the computed E is too 

small (such as 10), then use a larger number like 20 for the threshold E value instead. The 

size of a spatial adaptive filter is inversely related with local population density, it will be 

large in rural areas and small in urban areas (Figure 17) 
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Figure 17 Spatial adaptive filters with each filter include the same number of expected 
cases 

 

Selective spatial filter 

A selective spatial filter can be constructed to improve the performance in detecting 

irregularly shaped disease clusters. Disease clusters emerge for some reasons. In a 

geographical context, possible reasons could be rural-urban status, landscape type (mountain 

vs. plain), socioeconomic status (poor neighborhood vs. rich neighborhood), or areas 

suffering extra environmental hazard. The idea is that we can classify observations used for 

estimating disease rate by the potential factors and use only observations from desired classes 

to compute the disease rate (Figure 18). For example, if we suspect the division between 

rural and urban environment will affect disease risk and want to control for it. For any 

location that falls in an urban area, we can confine the corresponding spatial filter to include 

cases and population only from surrounding urban areas; and the filter will then cover some 

irregular shaped area instead of a circle. If we want to control for two variables, such as 
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rural/urban and poor/rich, we could divide the mapping area into patches of rural-poor, rural-

rich, urban-poor, urban-rich, and restrict the spatial filter to include only certain type of 

patches, depending on which type of patch the grid point locates in. If the selected control 

variable in fact is highly correlated with the disease rate, the selective spatial filter is more 

likely to detect irregularly shaped disease cluster than the regular spatial filters. 

 

Figure 18 Illustration of selective filters according to the rural-urban division 

 

Weighted spatial filter 

We could a weighting scheme into the spatial filtering method as well. Higher weights 

will be applied to observations closer to the filter center. There are many types of weighting 

functions to choose, such as exponential function, normal density function, or some 

simplified stair weight function can be used as well (Figure 19). 

For simplification, I choose to use a stair weight function in the weighted spatial filtering 

method. Suppose the stair weight function has k levels, which correspond to k sub-areas that 

constitute a spatial filter i (Figure 19). The estimated relative risk at spatial filter i can then be 

formulated as: 
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Here we assume )(~ ,,, kikiki eRPoissono × .Under the null hypothesis of constant 

disease risk (allR ’s equal 1), the mean and standard error ofiR̂  are: 
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Similar to Equation (6), the lower boundary value of Ei is determined by: 
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       (11) 

‘Wfactor’ is at least one because kq is always greater than or equal tokq , which means 

the relative risk estimate from spatial weighting carries more standard error than the one 

estimated without spatial weighting. If we still use the E-value computed for unweighted 

spatial filters using Equation 6, the actual detectable relative risk difference )1ˆ( -iR  will be 

larger than the value we entered into Equation 6 if we keep the significance levela  

unchanged; or if we keep the detectable relative risk difference )1ˆ( -iR  unchanged, the actual 

significant levela  will be large than what we entered. Despite the disadvantage of larger 

standard error in relative risk estimates, the weighting scheme make the relative risk 

estimates less smoothed and maybe closer to the real relative risk at the center location, 
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especially when the high risk area is relatively small compared with the size of a spatial 

filter. 

 

 

 

(a) 

 

(b) 

Figure 19 Illustration of different distance weighting schemes (a) and sub-

regions of a spatial filter corresponding to a stair weight function (b) 

 

As I have mentioned before, a stair weight function will be used in computation for 

simplicity, it is intuitive to have higher weights attached to observations closer to the filter 

center. More specifically, the stair function is defined as following: 
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�  K = 3, the spatial filter is divided into three sub-regions, by concentric circles 

(Figure 19b); 

�  
3
1

321 === qqq , each sub-region contains the same number of expected disease 

cases. Notice the Wfactor always equal to 3  under this setting; 

�  W1 = 4, W2 = 2, W3 = 1, so that we have a clearly discernable, gradually declining 

weighting scheme. 

The reason the stair weight function uses the “denominator” distance (first
3
1

, second 
3
1

 

and third 
3
1

 of the total expected disease cases from the filter center) instead of geographical 

distance to determine weight is because the spatial adaptive filters vary in spatial size and it 

is impossible to use one distance-weight function to fit all. Although the specifications on 

cutting locations and corresponding weights are arbitrary, I wouldn’t worry much about it 

because what is important about the specification is that it is considerably different from 

unweighted condition, and the distance-decay weights fit general intuition for a weighted 

scheme. 

Significance tests 

Background and Problem 

A main research interest in disease mapping is to detect local disease clusters where 

observed disease rates are significantly higher than the expected reference disease rate, such 

as the average disease rate of the whole mapping area. People sometimes are also interested 

in detecting cold spots where disease rates are significantly lower than the reference rate. 

Detection of areas with abnormally high/low disease rates can help informative decisions on 

health resource allocation, where areas suffer higher disease burden should be given higher 

priority. They are also useful in explorative epidemiological analysis, to trigger insights and 

help form hypotheses on disease causes and disease patterns by comparing common variables 

between areas of significantly high and low disease rates.  

In the disease mapping and spatial epidemiology literature, people commonly agree that 

significance means statistical significance with a small, predetermined type-I error a  (e.g. 

0.05). There are two common approaches in statistical tests – theoretical approach and 
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simulation approach. In a theoretical approach, a test statistic is computed from observations 

and compared with the theoretical distribution of the statistic when the null hypothesis holds 

true. In a simulation (often referred to as Monte Carlo simulation or permutation) approach, 

the test statistic computed from observations is compared with an empirical reference 

distribution of the test statistic computed from many runs of simulations that are based on the 

null hypothesis being true. The theoretical approach is computationally efficient and precise, 

when the distribution of the test statistic under H0 is well defined. The simulation approach is 

computationally intensive and precise when sufficient runs of simulations are performed. It is 

distribution free and particularly useful when the distribution of the test statistic under H0 

cannot be clearly defined. 

In the original spatial filtering method, a Mote Carlo simulation approach was used to 

compute the empirical P-value of the estimated disease rate (e.g. relative risk) at a grid point. 

Such a test is equivalent to a theoretical test that assume the distribution of estimated relative 

risk iR̂  under H0 follows a normal distribution with mean equals one and standard error 

estimated from Equation 5. The two tests are pointwise tests because they are performed at 

one single grid point at a time. Results from the pointwise tests suffer the problem of 

multiple tests, without proper adjustment, the test results are biased. To explain the problem, 

let’s look at the following example: 

Suppose Area A has a total population of 100,000. In a one year period of time, 1000 

incidences of disease D were observed in area A. The null hypothesis is that each person has 

the same probability of contracting the disease, and I am interested in which local areas Ais 

are suffering more disease risk than expected. Suppose five hundred spatial filters are 

constructed to cover area A, and each spatial filter includes 2000 people (which is equivalent 

to 1000*2000/100,000 = 20 expected cases). If we consider the test problem for just one 

randomly selected spatial filter Ai, the theoretical solution is simply to compute the P-value 

of Oi (the number of observed cases in filter Ai) in a Poisson distribution with �  equals 20, or 

compute the P-value ofiR̂  by comparing it with a normal distribution with 1=m  

and
20

1
=s . When we consider all the five hundred tests simultaneously, we face two 

problems. First, given the large number of tests, there will be some significant test results 

(false rejections) even if the real local disease rates are not higher than expected. For 
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example, if we set type I error to be 0.05, we expect to see 500*0.05 = 25 rejections when H0 

is true for all the 500 independent tests. Second, test statistics from neighboring spatial filters 

are correlated because they share data via the overlapping areas between neighboring filters. 

Traditional statistical testing procedures that can adjust for the multiplicity problem, such as 

the Bonferroni procedure (Equation 12), tend to be too conservative when there are a large 

number of tests, the correlations among the tests make the problem even more complicated. 

In this dissertation, I propose two approaches to deal with the multiplicity problem. The first 

method is based on a procedure that controls False Discovery Rate (FDR) under multiple 

tests. The second method utilizes the Random Field Theory (RFT) to perform the test. 

Neutral simulation plays an important role in both methods, since it is not possible to derive 

distributions of test statistics theoretically. 

m
PFWE

=a        (12*) 

*Equation (12) is the commonly used Bonferroni equation.FWEP  is the family-wise error rate; m is the 

number of tests involved, and a is the single test P-value. Suppose there are a total of ten tests and we 

want to control FWEP  to be 0.05, then we need to reject H0 only if the single test P-value is smaller than or 

equal to 0.005. 

Procedure that controls False Discovery Rate 

Benjamini and Hochberg (1995) examined the multiple testing problem, and pointed out 

that a central concern should be to control the loss incurred by erroneous rejections, which is 

inversely related to the total number of hypotheses rejected. From this point of view, they 

introduced the measure of false discovery rate (FDR), and proposed a procedure to control 

FDR for multiple tests. Suppose there are a total of m tests involved in a hypothesis testing 

procedure. The various combinations of test results can be summarized in Table 8 below. 

Table 8 Number of errors committed when testing m hypotheses 

 Declared 
non-significant 

Declared Significant Total 

H0 true U V m0 

H0 false T S m-m0 

Total m-R R m 

 

The FDR is defined as: 
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)/())/(()( RVESVVEQEQe =+==      (13) 

A FDR controlling procedure given in Benjamini and Hochberg (1995) is specified as: 

Consider testing H1, H2, …, Hm based on the corresponding p-values P1, P2, …, Pm. Let 

)()2()1( ... mPPP £££  be the ordered p-values, and denote by H(i) the null hypothesis 

corresponding to P(i). Let k be the largest i for which:  

*
)( q

m
i

P i £         (14) 

Then reject all H(i) i=1,2,…, k. 

For independent test statistics and for any configuration of false null hypotheses, the 

above procedure controls the FDR at q*. 

The FDR controlling procedure can be used in the spatial filtering context, and the key 

step is to compute the p-values of test statistics at the m grid points (SMRis) correctly. 

Suppose spatial adaptive filters with fixed E-value computed from Equation 6 or 11 are used. 

Under H0 ( 1=iR ), SMRis at the m grid points are identically distributed but not independent. 

Under this condition, it is not appropriate to use the pointwise P-values estimated either from 

theoretical derivation or simulation as the original spatial filtering  

Here I design a neutral simulation model to compute empirical P-values for the 

correlated test statistics. The neutral simulation is characterized by two conditions. First, the 

total number of simulated cases equals the actual number of observed cases; second, every 

population at risk has the same probability (adjusting for age when age standardized rate are 

considered) of being a disease case. Once a set of simulated cases is generated, we can 

compute SMR values at the m grid points, the m SMR values form a reference distribution of 

the correlated SMRis under the null hypothesis H0. Since the m SMR values are results from 

just one simulation and subject to large uncertainty, we repeat the simulation many times, for 

example 100, then the 100 times m SMR values form a relatively stable reference 

distribution for the test statistic under H0. Following the step illustrated in Figure 3.2, we can 

compute an empirical P-value for each of the m SMRi value computed from real 

observations. Once we have the P-values, we can set a FDR value (e.g. 0.05) and use the 

procedure described by Equation (14) to identify the k grid points with significantly high 

SMRs. 
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Procedure applying Random Field Theory 

Brett et al. (2004) discussed the problem of using family-wise significance test to find a 

hot spot in smoothed brain functional image data from positron emission tomography (PET), 

under the condition of correlated nearby pixels. In a brain image, if the number of 

‘independent’ observation can be computed then the family-wise error (FEW) rate can 

simply be computed using a Bonferroni adjustment (Equation 12). Since there is no clear 

way to compute the number of ‘independent’ observations in a smoothed brain image, Brett 

et al. (2004) used Random Field Theory (RFT) instead to tackle the problem. There are two 

assumptions underlying RFT. The first is that the error fields are a reasonable lattice 

approximation to an underlying random field with a multivariate Gaussian distribution. The 

second is that these fields are continuous, with a twice-differentiable autocorrelation 

function. Under these assumptions, the expected Euler characteristic (EC) can be computed 

for an image assumed to be one realization of a random field. The EC is a property of an 

image corresponding to a specified threshold value. For the purpose of detecting hot spots in 

brain image, the EC can be thought of as the number of hot spots in an image above a certain 

threshold value. Intuitively, the number of clusters identified will be fewer as the threshold 

increases. At high threshold values, the EC is either one or zero, hence the expected EC, E 

[EC], is approximately the probability of finding one hotspot in a statistic image. This is 

equivalent to [ ]ECEPFWE » . For an image of two dimensions, the equation to compute 

E[EC]  was given by Worsley et al. (1992): 

[ ]
2

2
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2
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)2)(2log4(
tZ

te eZRECE
--

= p    (15) 

R is the number of ‘resel’s in the image. ‘Resel’ was introduced by Worsley et al.(1992) 

as a measure of the number of “resolution elements” in a statistical image. For example, if 

the original image is smoothed by a Gaussian kernel with width 10 at x and y directions, then 

a ‘resel’ in the smoothed image is a block of 100 pixels. If there are 20,000 pixels in a image, 

R will equal to 200. Zt is the threshold Z value. 

The correct way to utilize this equation is to first compute values of E[EC]  for a range of 

Zts and plot the result on a curve. Then we can choose a desirable value of E[EC] , such as 

0.05, and find the corresponding Zt value at the upper tail of the plotted curve. This Zt value 
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is the threshold value we need to determine whether a pixel value is significantly high or not. 

Figure 3.7 below is a E[EC] - Zt plot for an image with 100 resels. 

 

 

Figure 20* Expected EC values for an image of 100 resels 
* reproduced from Figure 6 of (Brett, Penny, and Kiebel 2004) 

 

The problem of hotspot detection in a brain image is very similar to what we face in 

testing for high risk areas from the correlated SMRs estimated at spatial filter centers; each 

spatial filter center in a mapping area is comparable to a pixel in a brain image. So it is 

applicable to apply the EC-based testing procedure in our disease cluster detection scenario. 

The number of ‘resel’s can be approximated by 
E
N

R =  , where N is the total disease cases in 

the study area, and E is the expected cases in a single spatial filter. Equation 15 can then be 

used to make the plots and the corresponding threshold value Zt can be found for a specific 

family-wise error rate (i.e. E[EC] value). The transformation between a SMR statistic and Z 

statistic under H0 is done using the following equation: 
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=
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RSMRSE

SMR
Zi                                        (16) 

The denominator item is computed using either Equation 5 or 9, depending on whether 

an unweighted or weighted spatial filter is used. 
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