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QUICK START
Purpose

The main purpose of DMAP IV is to provide publicalte researchers a convenient tool
to implement the spatial filtering method for cortipg disease risk estimates at spatial
locations and performing statistical tests for dtg high disease risk spots within a study
area. DMAP IV may also be used to analyze bingpe typatial point pattern data from other
fields like geography, ecology. DMAP 1V is develdpeasing Microsoft Visual Basic 6.0
IDE, Enterprise Edition.

Data format

DMAP IV uses geocoded disease and population daitapat, and computes disease risk
measures includingelative riskandcrude disease ratat grid point locations from a fine
spatial grid (defined by the user) that coverswhele study area. Disease rate estimates and
a set of test statistics computed at the spatidlgpints are saved in table form and can be
easily exported to GIS software such as ArcMap3yell as spreadsheet software (e.g.
Microsoft Excel) and statistical software (e.g. JABr disease mapping and further data
analysis.

The primary data file format DMAP IV uses is ASCText) file with a file extension
“.txt”. Several files used in DMAP IV are comma segted text files, which have two
equivalent forms, one with file extension “.txthdthe other with file extension “.csv”. The
CSV file can be directly opened with Microsoft Ekaghile the Text file needs to be
imported to Excel. The spatial filtering methoddakwo files — a grid point file and a
disease-population file as input, and generatedargte file including disease rate estimates
and test statistics values at each grid point §subuAll three files involved are comma
separated files; they can be either Text file fayraaCSV file format.

Grid point file

A grid point file provides a spatial reference gnitlere the disease risk estimates and test
statistics are computed. It usually includes foaniables, ‘GridID’, ‘Latitude’, ‘Longitude’,
‘Area_Class’ (Table 1, Figure 1). The first threiables are straightforward, the
‘Area_Class’ variable is an integer variable witlues like 1, 2, ..., Etc. ‘Area_Class’ refers

to a type of classification of the space by certdnaracteristics, such as rural and urban



status, it is only useful when user want to implat@eselective filter, details on which are
discussed in the methodology section. For geneaaiselective filters, ‘Area_Class’ is set to
its default value Q A fifth variable ‘Filter_size’ could be included a grid point file to
specify the filter size in miles for each grid pil is critical to keep the orders of the
variables in a grid point file strictly as listeaor fDMAP IV to run correctly.

Table 1 Data structure of a grid point file

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

[ ) grid01.txt - Notepad E@@

File Edit Faormat Yiew Help

Gridip,Latitude, Longitude, Area_class -
30,41, 7464596, -93,.635169,1
31,41.740dG6, -53.6025455,1
32,41.7484%6,-93,.615821,1
33,41.7406498, -93,606147,1
34,41, 74dedb6, -93.590473,1
35,41. 7464596, -93, 586799,1 “

Ln 1, Col 1

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

A disease-population file stores disease and ptipalabservations. Each record (line)
refers to a spatial point observation with latittdiegitude coordinate. The record could
come from individual observation, such as a disease geocoded by his/her residence
address. It could also represent many observasissciated with one spatial area such as a
census tract; then the latitude-longitude coordiraimes from the centroid of the spatial
area. Table 2 below listed the seven variablesdi$@ase population file in correct order.
The variables ‘Disease_Obs’, ‘Disease ExpHOQ’, @apulation’ refer to the number of
observed disease cases, the number of expectesdelisases undeptHand the number of
population at risk associated with the record respely. ‘Disease_Obs’ and
‘Disease_ExpHO’ are the two variables used to camalative risk ‘Disease ExpHO’ is
also used in Monte Carlo simulation. ‘Disease_Qin&l ‘Population’ are used to compute
crude disease rate, but it is just a secondaryunead interest comparing with SMR. The
‘Area_Class’ determines which area class the rebeloings to; it has the same meaning as



in the grid point file, with alefault value Q It is critical to keep the orders of the variabie
a disease-population file strictly as listed for BRIV to run correctly.

Table 2 Data structure of a disease-population file

RecordID Latitude Longitude Disease Obg Disease EMW® | Population | Area Class

1 41.726759 -93.70629p 3 319 25p0 1

I diseasepop_real.txt - Notepad

File Edit Formak Wiew Help

FecordIiD,lLatitude,Longitude, bisese_obs,Dbisease_ExpHO,Population, area_cClass &
455,41 835093, -93, 813793,0,0.00959,4,0 7
ald,41. 826760, -93, 792404,0,0.0148,4,0

0ll,41. 826760,-93.804904,0,0.0148,6,0

nle,41. 8275593, -95, F737%93,0,0.0092,2,0

555,41.8334260,-93,7787593,0,0.0092,2,0

n34d,41. 8255926, -95, F82126,0,0.0074,5,0

751,41 818426,-93,794020,0,0.0045,2,0

397,41.836760,-93, 794626,0,0.0074,5,0

139,41.855093,-593,815455%,0,0.0277,6,0

aEE,41. 819537, -95, F79348,0,0.0148,4,0

174,41 853218,-593,815455%,0,0.0365,8,0 w

Lm1, Col 1

Figure 2 Snapshot of a disease-population filedakepop_real.txt”

Grid rate file
A grid rate file is the output file of a spatiakdiring procedure; it contains 22 variables

(Table 3). The first four variables are identiaathe first four variables from the input grid
point file. Variables 5 to 8 including ‘Filter_magg ‘Num_obs’, ‘Num_exp’, “Num_pop’ are
summary statistics at each spatial filter. Foratales 9 and 10, ‘CrudeRate’ is the crude rate
estimated by ‘Num_obs’ divided by ‘Num_pop’; ‘SMR'the relative risk measure
estimated by ‘Num_obs’ divided by ‘Num_exp’. Vareb 11-15, ‘Zvalue’, ‘Pvalue’,
‘Pvalue_sim’, ‘FDRp05’, ‘RFTpO5’ are test statisgtic/ariable 16-22 are the weighted
version of the corresponding variables (e.g. WSMRSMR) computed using a weighted

spatial filter (also read Page 27 from Section t&pdiltering module”).



Table 3* Example of a grid rate file from the spéfiltering 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 L
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 803% 680R 7399
CrudeRate 0.00772 0.00572 0.00456 0.00338
SMR 2.44 2.06 141 1.14
Zvalue 6.84 4.99 1.91 0.64
Pvalue 3.96E-172 0.0000003 0.02f9 0.2612851
Pvalue sim 0 0 0.019 0.2715
FDRp05 1 1 0 Qg
RFTp05 1 1 0 Q
WCrudeRate 0.00781 0.00568 0.00435 0.00368
WSMR 2.58 2.14 1.34 1.2p
WZvalue 4.33 3.12 0.92 0.589
WPvalue 0.00000734 0.000896 0.17831703 0.2781159
WPvalue sim 0 0 0.0481L 0.1753507
WFDRp05 1 1 0 Q
WRFTp05 1 0 0 Qg

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

Figure 3 Snapshot of a grid rate file “gridraterl



A test run of DMAP IV
The following example gives a step-by-step exaropkbe spatial filtering procedure
using the sample files given in the “test_datatiésl “grid01.txt” is the grid point file
including 742 grid points; “diseasepop_real.txtaisimulated 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...”



Step 3 Click the first “add data” icon (in red circlepahe “Spatial Filtering Method” Panel,
A standard open file dialog window will pop up, mgate to the “test_data” folder and open
“grid01.txt”

O

Step 4 Following Step 3, a window will pop up, for tregample, simply click “No”



Step 5 Click the second “add data” icon (in red cirabe) the “Spatial Filtering Method”
Panel, A standard open file dialog will pop up, igate to the “test_data” folder and open
“diseasepop_real.txt”

O

Step 6 Now both grid point file and disease-populatide &re loaded, the “Setup spatial
filter parameters” frame is enabled, select “Adapftrilters”, type “22” in the “Denominator
Size” text box, then click the “S” button (in renlate)



Step 7:Click the bottom functional button “Rate and Tdge&l)” (in red circle), a window
will pop up prompting number of simulations; Foistexample, enter 999 and click “OK”

O

Step 8 The spatial filtering procedure takes a few masuo run, towards the end, a standard
save file dialog window will pop up, save the gride file as “gridratereal.txt” in the
“test_data” folder.



Step 9 change the extension of file “gridratereal.tid”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 shinespatial boundary of

Polk County, lowa, the Green boundaries are boueslarban 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 “teslata” folder and select
“gridratereal.csv” to add

(3)“Xfield” an “Yfield” should automatically be fied. 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” interpolatiool in ArcMap’s “Spatial
Analyst” toolkit to produce a smoothed surface rohgisease 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 |V and dataffobetween the modules are

illustrated in the diagram below:

Disease Data

(Spatial
points, Area
data)
Combined Outout bl
Data disease- utput table
Preprocess {Jobr;ulation (%Teegz‘;ag::r?c?
Module able point,
Population Spatial including
Data Filtering estimated
(Spatial Module rate, p-values
Points, from the
Population different
Grid, Area tests, spatial
data) filter size
Spatial grid etc.)
Spatial points table
Point
Pattern
Generator

Figure 4 Data flow diagram of DMAP IV

As the diagram in Figure 4 shows, there are thram functional modules (the square
boxes) in DMAP IV; while the data flow indicatesveo-stage procedure from original
disease and population data to the computed disatese The first stage may be called data
preparation stage, since it prepares necessary diapa for the ‘spatial filtering module’.
Two modules, the ‘data preprocess module’ andgpatial point pattern generator’, are
involved in the first stage. The ‘data preprocesslute’ provides functions to take various
types of raw disease and population data, refothesh, and combine them into a standard
disease-population table (described in Table 2¢. ‘$patial point pattern generator’ can
generate a spatial point dataset within a spatés #ollowing one of several types of spatial
patterns, including a regular spatial grid pattémrthe second stage, the ‘spatial filtering
method module’ takes the formatted disease-popudtible and a spatial grid point table
prepared from the first stage as input to compigease rate estimates at grid points using

the spatial filtering method (choices of filterglmde fixed distance, spatial adaptive,
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selective and weighted). Significance measureHerdisease rates are also computed using
three methods: the point-wise p-value, the FDR @ggit, and the RFT approach.

Data preprocess module

The function of the data preprocess module is lp peduce a clean, well formatted
disease-population table (Table 2) as input dataespatial filtering module. Based on the
spatial scale of the data, there are three disgasetation combinations in disease mapping;
they are case-control data, case-population dathaegea data. Different steps are needed to
transform and combine the data together into twedstrd format as Table 4.1 shows.
Case-Control data

Case-Control data are individual spatial point dBisaease cases are diseased
individuals observed at a study area, populatiarirots are individual non-diseased
population samples, each case and each controlthaveown individual level geocodes
(e.g. latitude-longitude coordinates) usually refey to their residence addresses. For case-
control data, the original data should be veryelusrecords in Table 2 in format. Data
manipulation can easily be done in spreadsheewvaddtlike Excel or Microsoft Access, so
no special function is implemented in DMAP |V tapess case-control data. There are some
details in process case-control data that are wwtimg, and they are listed in Table 4
below.

Table 4 Actions to reform case-control data instaadard disease-population table

Date Item Action
Record ID, Latitude, Longitude  Should be alreadyjted, do nothing
Disease Obs Assign value 1 to a case record, @dataol record
Disease_ExpHO E=f(n+ny), or from other model, such as predicted
probabilities from a logistic regression model
Population Simply 1, because every record represerd individual.

The crude rate computed useing this ‘Populationoisreal,
because the sum of all cases and controls are smater
than the real population

Area_Class They may have been provided in thera@iglata, if not, use
a point-in-polygon operation in GIS software or DMAV to
determine its value for a spatial point observation

Case-Population data
Case-population data are slightly different frorsezgontrol data. The cases are
individual disease cases the same as before. Byttdpulation data are not exactly the same

as the controls. First they refer to the whole pafon at risk in a study area instead of just a
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sample. Second they are not at the individual |dyetause it is not possible to acquire
information on every individual in an area dueitoifations of cost and privacy
requirements. Instead, they mainly refer to higtshation spatial population data at a scale
larger than individual, but smaller than any knavemsus areas. For example, the 90 meter
resolution LandScan USA population distributionaddéveloped by the ORNL (Bhaduri et
al. 2002). A high spatial resolution populationteasan provide more spatial details on
population distribution than the commonly used @snopulation by spatial polygons, and
is therefore more promising in population-relatadiges such as mapping spatial disease
risk. For disease mapping purposes, a spatial popalraster usually provides enough
spatial accuracy to be treated as individual-lehah. Since our goal is to combine disease
and population data together into a table withftmmat as shown in Table 2, it is necessary
to transform a spatial population raster into ao$espatial points with population counts.
DMAP IV has a ‘Raster Data Aggregation’ tool toifdéiate this work. The population raster
for an area is first converted from an Arc&l@ster format to a ASCII file using an
ArcGIS® data conversion tool, then DMAP IV will read irethonverted ASCII file, and
transform it into a comma separated ASCII file watich line representing a spatial point
with population (Figure 5b). Notice that the origlipopulation raster should use latitude-

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

(@)
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(b)
Figure 5 Example of the ASCII files for the inpaster data (a) and the output spatial points
(b)

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

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

Step (1) displays the basic summary informatioa spatial raster read from a spatial
raster ASCII file.

Step (2) specifies aggregation level (N:1), aggiieganethod (simple or weighted) and
threshold value. An aggregation operation poolp@tiulation counts from N by N

consecutive raster cells into one spatial poing Very effective in reducing the number of
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population points in the output population tabld #merefore can save future computation
time. For example, if we set N equals 5, we wilji@gate population observations from 25
cells into one spatial point. During aggregatior, ean also choose whether we want the
spatial point to locate at the center of the N bgels (Simple Aggregation) or at the
population weighted centroid of all the relevanpplation cells (Weighted Aggregation).
The ‘Threshold Value’ parameter is used to pickmayulation cells with high (e.g. 50)
population counts and save them as separate spaiilrecords. By saving accurate
locations of high populated cells, we can incrahsespatial accuracy of the spatial point
population data.

Step (3) will generate the output spatial pointydapon file. If a spatial polygon ASCII
file (transformed from vector format to raster fausing ArcGIS, and then exported to
ASCII file with format similar to Figure 5a is aVale, the program can also attach a
polygon ID to each spatial point population rec@jure 5b) and produce a population
centroid file as well. Once the spatial populafmints table is produced, it can easily be
combined with the given spatial disease case datdransformed into a disease-population
table. Procedure to merge disease case recorde@pdpulation point records is shown in
Table 5 below.

Table 5 Actions to merge case-population dataargtandard disease-population table

Date Item Action
Record ID, Latitude, Longitudg  Might need to regadRecord ID when combining disease cgse
table and population table
Disease Obs Assign value 1 to a case record, @opalation record
Disease ExpHO Assign 0 to a case record, assiggessex adjusted expected
number of disease to a population point computenchfindirect
age-sex standardization, age-sex information affaulation
point is extrapolated from its corresponding ceraes

Population Assign 0 to a case record, while theufadfn point already has
a population value
Area_Class If not provided in the original datanot assigned in a

population point file, use a point-in-polygon op@a in GIS
software to determine
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Figure 7 Spatial population points and populatientmids produced by DMAP IV
through aggregating a 90m population raster (atdpracind, grey means no population,
darker color means more population)

Area data

Area data refers to aggregated disease and papuldia at spatial areas like counties.
It might be the most accessible data form sincdétiha@ad population statistics are usually
provided by areas. Geographical centroids (or g centroids) are commonly used as
the spatial reference for area data, values ligkeatie count and population count should
already be provided. Transforming given area-leN&tase and population data into the
standard disease-population table requires onlynoa@mGIS and table manipulation; no

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

Date Item Action
Record ID, Latitude, Longitude  If not provided,ifatle-longitude coordinates of area
centroids can be computed use GIS software

Disease Obs Should be provided

Disease ExpHO compute age-sex adjusted expectebemwhdisease 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-populdatbte (Table 2), such as
‘Disease_ExpHO’ and ‘Area_Class’, relies on ideadtion of the polygon area the spatial
point record falls in. This can always be done gsirpoint-in-polygon operation in GIS
software like ArcGIS. DMAP IV also has a ‘Point-in-Polygon’ tool to dee job. When the
operation is just one interim step towards theiagp#ltering step and the files are all ASCII
files, it might be more convenient to use the ‘R@mPolygon’ tool than to first import a
spatial point file to GIS and then export the sgdgipint file with area labels back to DMAP
IV. There are three steps in the DMAP IV ‘PointRilygon’ tool as shown in Figure 8. The
spatial point file in Step 1 should have the filsee columns fixed as ID, latitude and
longitude (Figure 9 -left). The polygon Raster fileStep 2 is an ASCII rater file with the
same format as in Figure 5a; value of a cell ingblygon Raster is a polygon ID. A new
spatial point file with one extra variable ‘Poly’lBomparing with the original spatial point

file is generated when we finish step 3 (Figureight).



Figure 8* Interface of the “Point-in-Polygon” toiol DMAP IV
*Accessed through the “Data Preprocess” menu

Figure 9 A spatial point file before (left) andeaf(right) the ‘Point-in-Polygon’
operation in DMAP IV

19
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Spatial point pattern generator
The ‘spatial point pattern generator’ is a tooDIMAP IV to generate spatial points
following certain spatial patterns. It is can bediso create a spatial grid point file for
implementing the spatial filtering, as well as atheeful spatial point data such as simulated

spatial points as disease cases. The GUI inteftadbe ‘spatial point pattern generator’ is
shown in Figure 10 below.

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

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

User can choose to use a square area by speciftitinele-longitude coordinates of the
top-left corner and the bottom-right corner thetsppaquare. Notice that the square in
latitude-longitude scale is not a real squareéfdhea is large. Another option is to use a
known spatial area by read in the correspondingageoundary file (a spatial raster ASCII

file, as we have used in the ‘Raster Data Aggregatool).
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Step 2: Four functions for generating four types ofpatial points are developed

A) The function ‘Single-distance Regular Points’ canegyate regular spatial points
with fixed distance at latitude and longitude dir@as within an area. User
specifies the distance between the points withutiiemiles, and the function
will create an ASCII file contains all the genedhgpatial points, with data items
separated by comma (Figure 9 left). The distanogpeation is based on the
great circle distance equation with a maximum eof@bout 50 meters. When
an area boundary file is used to confine the spati@nt of the grid points, the
grid point generation algorithm will first generatk grid points within the
minimum bounding square of the area and then rertt@/points falling outside
the area boundary. Example of a regular grid widninirregular area is shown in
Figure 11 (a).

B) The function ‘Multi-distance Regular Points’ camgeate regular spatial points
with multi-distances within an area and exportnoA&Cll file with the format
as shown in Figure 9 (left). Basically, the spatiada is divided into a baseline
region and some sub-regions; distance betweerpgirds in the baseline region
can be different from distance between grid paimis sub-region. For example,
in Figure 11 (b), grid points are 0.8 miles aparthie baseline region (white area)
and 0.2 miles apart in the sub-region (grey arBlag.reason to generate grid
points of different scale is to achieve some optimsetting. Densities of
population and disease observations are much higlsenall urban areas than in
large rural areas. If we use a relatively largeveein-grid distance throughout
the area, there will be too few grid points in urlzeieas to capture detailed
spatial variation in disease risk. If we use a $imetiween-grid distance, we will
end up with a lot of redundant grid points in largeal areas with only sparse
data, which will largely increase computation Idadthe spatial filtering
algorithm. The multi-distance grid setting provigeszasonable solution to
reduce computational load without missing spateads in important areas. The
algorithm to generate such a point pattern is arsdee version of the algorithm
to generate the single-distance regular pointssiafe from generate grid points

for the whole area using the distance for basekgeon, then we replace those



C)

D)
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points falls in the sub-regions with new grid peimtithin these sub-regions
following the corresponding distance specification.

The function ‘Simple Random Points’ will generapasal random points within
the area, the user need to specify the numberiofptm generate. The output is
an ASCII file with format shown in Figure 4.8. Theaction might be convenient
for some analysis purposes, although there is acifspuse of the generated
simple random points in the spatial filtering prdoee. Figure 11 (c) gives and
example of spatial random points in an area.

The function ‘Weighted Random Points’ modify thelpability of the
occurrence of a spatial point at a location by gipgla weight. The user will
specify a weight raster that covers the whole angih the format of ASCII
raster file as in Figure 5a), and the number ofloam points to generate. To
generate a random spatial point, the algorithn $ican the weight raster row by
row to compute the total weight of each row andgasgrobability of the point
happened in a row based on its weight. Once asgicked, a cell within the
row is picked randomly with probability proportidria corresponding cell
weight. The centroid of the cell is used to repnésiee spatial location of the
random point. The procedure is repeated until t#srdd numbers of spatial
points are generated. This function may be usathtalate spatial disease
points. In Figure 11 (d), 150 random points areegated with weight within

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

(©) (d)

Figure 11 Example of different types of spatialmqiatterns created by the ‘spatial point
pattern generator’ tool: (a) regular grid pointshaone uniform distance; (b) regular grid
points with two distances; (c) complete random t®i(d) weighted random points
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Spatial filtering module
Spatial filtering module is the central functiomabdule of DMAP 1V, this is where all
the variety of spatial filtering methods (e.g. awlapfilter, selective filter, weighted filers
and the significance test functions — See the MEDBQOGY chapter) are actually

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

Figure 12 Panel Interface of the spatial filtermgdule in DMAP IV

The interface is naturally divided into four seasoindicating the four steps to
implement the spatial filtering method:
Step 1: Input grid point table

The spatial grid point table is a comma separat€lAfie. It includes four data items:
‘GridID’, ‘Latitude’, ‘Longitude’, and ‘Area_Class'The last item ‘Area_Class’ is required if
aselective filteris to be implemented, otherwise it is optionalc®the ‘add file’ button
(with green cross icon) is pressed, a standard-6lgedialog window will pop out to let user

to add the grid file. A prompt window will followotask whether the user want to use
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selective filter If ‘yes’ is the answer, another input window watbp up for entering an area
class value. Suppose the study area is dividedlmé® classes of sub-areas, and the grid
points and disease-population observations have i@eked by their corresponding area
classes. We will need to repeat the four-step apfdtering procedure three times to
complete the computation for the whole area.

The primary approach to prepare a spatial gridtddais to use the “spatial point
pattern generator” module in DMAP V. The most likéorm is regular spaced grid or
multi-distance regular grid as shown in Figure X Ia and we can always add the
‘Area_Class’ item to a spatial point file using tpeint-in polygon tool’.

Step 2: Input disease-population table

The disease-population table is also a comma sepa&Cll 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 filteslearly shown in the software panel
interface.

A) The ‘Fixed Distance Filters’ option will apply tlsame size (e.g. 10 mile radius)
spatial filters to all grid points involved in tikemputation, the text box to the right
side of the Option button ‘Fixed Distance Filtessused to enter the filter size, with
measuring unit mile.

B) The ‘Existing Filters’ option works when the inpyrid point file has an extra
‘Filter_Size’ item available (Table 1). This opti@useful when we perform spatial
filtering computation to multiple diseases and wantise the same set of spatial
filters. For example, we can first use the spattaptive filters to compute disease
rates for breast cancer for an area and save thesponding filter sizes at all the
grid points, the filter size values can then bedusecompute spatial disease rates for
other types of cancers for the area using the tiExjd-ilters” option. Cancer rates
for different cancers are now comparable becauseubke exactly the same spatial
filters. A grid point file with *filter size’ itemincludes five data items in the order of:
‘GridID’, ‘Latitude’, ‘Longitude’, ‘Area Code’, andFilter Size’. The minimum and
maximum spatial filter size will be displayed irettwo information boxes to the

right side of the Option button ‘Existing Filters’.
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C) The ‘Adaptive Filters’ option will control all thepatial filters to contain exactly the
same number of expected disease cases, if thevalises are by area and not
possible to reach the exact number, the closegtiamalue than the specified number
will be used. A tool to find minimum sufficient ndoar of expected disease cases to
meet the statistical testing criteria (see the MBDXDLOGY chapter) is
implemented in the functional button “Optimal Filteext to the Option button
‘Adaptive Filters’. User need to specify minimalateve risk to detect (e.g. 1.5) and
type-I error level (e.g. 0.05). The computed valtithe expected number of disease
cases will be displayed in the information box BEhominator Size”. To guarantee
that the normal approximation used in computingekgected disease counts is
valid, the resulting expected number can’t be toals A minimal value of 18 is
recommended.

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

There are four function buttons beneath the opticarae at the lower part of the

“Spatial filtering module” panel interface.

A) The “Simulate Case” functional buttonis used to generate a set of simulated
disease cases. It uses the disease-populationréanlen step (2) as input, and export
an ASCII data file with exact the same format asdhginal disease-population
table, except that the fourth data item ‘Diseases’ Qkable 2) is replaced with the
simulated disease cases. The core of the simulst@mandom labeling algorithm.
The algorithm first sums up all the values in tifih fdata item ‘Disease_ExpHO’ to
determine the total number of disease cases tagen@), then randomly assigns a
simulated disease case to one of the M recordeidisease-population table with
probability proportional to the corresponding vatiéDisease ExpHO’, and repeat
the random assignment step N times. This funcganainly used to produce a set of
random disease cases that can be used for congpudatillustration purpose.
Although not quit directly related to the spati#tering method, the random labeling
algorithm described is used intensively in the tnain spatial filtering functions
“Rate and Test (Real)” and “Rate and Test (Sim)”.

When the button is clicked, an input box will pgpasking for the column

number where the expected disease counts are stobeth column 4 and 5 are
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expected disease counts from different assump(iandt, and H), either on can be
used. A second message box will pop up asking vehéthuse external
standardization (Figure 13). If yes, then the paogwill generated N(N; = the sum
of the selected column) number of simulated cates;, the program will always

generate Bl(No = the sum of the ficolumn) simulated cases.

Figure 13 The external standardization option ngEss@x
The “Rate and Test (Real)” functional buttoncomputes a set of measures and test
statistics at spatial grid points by applying tpedfied spatial filters from step (3)
on disease-population data loaded from step (&) Réal means the ‘Disease_Obs’
data item are from real disease observations idsieaimulations. The disease rate
measures and statistics include: Crude rate, SM&Rfaur test statistics for the SMR
including pointwise P-value using normal approximatPvalue), pointwise P-value
using Monte Carlo Simulation (Pvalue_sim), restdbf false discovering rate
controlling procedure with FDR equals 0.05 (FDRpObif a rejection occurs,
otherwise 0) and result multiple testing contragadure using random field theory
with family-wise type | error at 0.05 (RFTp05 =flairejection occurs, otherwise 0).

A weighted version of the above statistics usimgegghting scheme of (4, 2, 1) for
the first, second, and thiré of the disease observations within a spatialrfdire

also computed (for details on weighted spatiatffjltefer to Section 3.2.2.2.2). So a
total of twelve statistical measures are computetiraady to be mapped using GIS,
example of an output table from the spatial fihgrcomputation is shown in Table 3.
| should point out that the FDRp05 measure is @alid for computations using the
adaptive filters or existing filters from previoadaptive filters, due to the way the

reference distribution is constructed.
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When the button is clicked, an input box will pgpasking for how many
simulations to run for constructing the referenistribution of observed counts given H
for testing purposes, a large number like 999 aper.

The spatial filtering computation of all the st#ts relies on two key algorithms.
One is the random labeling algorithm to generaieullsited disease cases just
introduced. It is specifically used in the compiatatof point-wise P-value (simulation
version) and the FDRpO5 measures. The other iatasplocking algorithm for fast
construction of the spatial filters, which is funglental to the computation of all the
statistic measures. Details on the spatial blockiggrithm are provided below:
Suppose there are; Mrid points and Bldisease-population records, a brute-force method
to construct spatial filter for a grid point iscompute its distance to alkNoints, order
them by distance and then pick out disease-populagicords from the nearest location
until the cutting point (distance or accumulativ@ected cases) is reached. The

computation time of this crude algorithm@N, xN,) . The N can be reduced through

smart arrangement of the spatial grid points, fchsing multi-distance regular points
(Figure 11b), but can’t be removed. Because thputdile contains Nrecords and they
have to be computed one by one. Theldwever, may be reduced to something close-
to-constant, and therefore largely decrease thegutation time when Nis large (e.qg.
100,000 data points). The solution ispatial blocking algorithm. The idea is to divide
the spatial area into many regular sized blocks;kd with large number of observations
can be furthered divided in to several regulardgsizméni-blocks. Once the blocking
system is formed, each record in the disease-ptpualeble will be labeled with the
corresponding block (and mini-block) ID. To constra spatial filter from the grid point,
we can first construct a minimum confining box cars@d of spatial blocks surrounding
the grid point. The minimum confining box is definleased on either distance or
accumulative expected cases criteria. For exanfple use a 10 mile fixed spatial filter,
all spatial blocks included, crossed or touchedheyl0 mile radius spatial circle
compose the minimum confining box. If we use a 2feeted disease cases adaptive
spatial filter, the minimum confining box should ea¢he condition that the maximum
spatial circle from the grid point that is 100% taned in the box should include at least

20 expected disease cases. Efficient algorithmddbneating both types of minimum
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confining box are implemented in the spatial fitgrfunction in DMAP IV. Once the
minimum confining box is delineated for a grid psindisease-population records within
the box can be quickly pulled out based on theacBIID label. Distances between the
grid point and this much smaller (comparing wit}) Bet of points can be computed and
sorted. With this sorted distance array, recordbiwia spatial filter can be easily found
for computing the disease rates and other statistieasure. Figure 14 below provides a

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

Figure 14 lllustration of a two-level spatial blacl system for a square area, with a
spatial filter (the circle) and its correspondingnimum confining box (gray area)

C) The “Rate and Test (Sim)"functional button is very useful for carrying out
simulation studies to evaluate the performancéefspatial filtering method under
different disease pattern scenarios. It computesdéime set of measures and test
statistics at spatial grid points as the “Rate &est (Sim)” function. Instead of real
disease observations, simulated disease caseaflymothetical disease pattern
(H,) are used for the ‘Disease_Obs’ variable. Thishere the nam&im comes
from. To generated the simulated disease case®)ifease Obs’ column (the
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fourth) in the input disease-population file isleg@d with ‘Disease_ExpH1’- the
expected disease cases at each spatial recordlexgrtn the hypothetical disease
pattern H (Table 7). The procedure of spatial filtering noantains two parallel
simulations, one to generate simulated disease thaeare consistent with the
hypothetical disease pattern;tnother to generate a large number of repeated
simulated disease cases according to the null hgsa H to construct the empirical
reference distribution of disease rate for tesfingposes. Both simulations are based
on the random labeling algorithm. For thedtmulation, since one set of simulated
cases are subject to random error, while large eumbrepeated simulations are
unrealistic since we can only have one set of des@®servations in reality. A
compromise is to generate a few $timulation datasets (e.g. 7) and compute
corresponding disease rates according to eachi seholated cases and only report
the median values of the multiple sets of diseasewvalues and test statistics to
remove the effect of statistical randomness. Fethsimulation, a large number of
simulation iterations is necessary to construcladvempirical distribution, yet too
many runs of simulation will require more computattime, a default value of 999
simulation is used in the “Rate and Test (Sim)"diion. Besides these specifications
on simulations, the rest of the procedures andriéihgos used in the “Rate and Test
(Sim)” function is pretty much the same as the &Ratd Test (Real)” function.

When the button is clicked, an input box will pgpasking for the number of
runs for H simulation, as has discussed, a small odd nunikee? lis proper. A
second message box will pop up asking whetheraexternal standardization
(Figure 13). If yes, then the program will genedaig (N; = the sum of the selected
column) number of simulated cases; if no, the paogwill always generate \No =
the sum of the klcolumn) simulated cases.

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

Record ID | Latitude | Longitude Disease_ExpH1| Disease_ExpHP Population Area_Clas$
1 41.855093 -93.92545 2.5 5.4 3200 1
2 41.726759 -93.70629 7.1 3.9 2500 1

* notice that the grey column is different from tiisease-population table shown in Table 2
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METHODOLOGY
Indirect standardized disease rate

The computation of SMR and the corresponding tasistics are based on indirect
standardization method. Below are equations forpuging indirect standardized disease rate

of a local population.

Ri,indirect - R)SMR (1)

SMR =0, /E, @)

E = RN, (3)
k=1

R: crude disease rate in the standard population

SMR;: standardized mortality/morbidity rate at area i

O:: observed cases/deaths in local area i

Ei: expected cases/deaths in local area i

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

N; : the population of age-sex stratum k in local area

Original spatial filtering method

Rushton and Lolonis (1996) introduced the spatli@ring method for estimating
disease rates and for detecting significantly hiyihdisease risk areas. The method can be
summarized in the following three steps.

Step 1 Define a fine resolution regular lattice of gpdints to cover the mapping area.

Step 2 Draw fixed distance circle around each grid péfgure 15), count the number
of cases (numerator) and population at risk (denator) within each circle during the time
period. Compute the ratio of the two counts forhegied point. To avoid the small-number
problem, rates are not computed for grid pointhwisufficient at risk population (by

empirical jJudgment) within their supports.



32

Step 3 Generate simulated random cases from the popalatirisk, by assuming each
individual within the population at risk has equabhnce of being a case event (the null
Hypothesis H). Run the simulation many times (e.g. 999). F@haaund of the simulation,
repeat step 2 while replacing the real cases withlated cases. Through this way, a
reference distribution of disease rates (or cofistroulated cases) at each grid point can be
constructed, and an empirical p-value of the olestrate can be computed by comparing the
observed rate (or count of real cases) with theresice distribution at this grid point. For
example, if the observed rate (or cases) at apgiiick computed from step 2 is larger than
997 of the 999 simulated rates (or cases), thep-theue of the observed rate is

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

Figure 15* Illustration of a 0.5 mile regular gatid 0.4 mile radius spatial filters
*Reproduced from (Rushton and Lolonis 1996)
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Figure 16 lllustration of a simulated referencdrbsition of counts of simulated disease
cases in a spatial filter and the correspondingiecap 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 keeptinenber of observations in each filter
constant while adjusting the physical size of aiapélter according to the density of
observations (Talbot et al. 2007). We utilize tekationship between sample size and
significance level in standard statistical tesfangcedure to find the optimum filter size in
terms of the number of observations. For the objedf testing for high disease rate, the

most common null hypothesis is that the relatigk t a local area is one, i.e:R, =1. For

such a test, researchers would prefer to conteotyibe-I error of false rejection ofH
Depending on the underlying statistical distribntfor the disease rate (e.g. binominal or
Poisson), the minimal sample size can be computesh@ certain level of type-I error and
rate difference. Here | use SMR discussed in clhapteas the estimate for relative risk R.

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

filtering isFAﬁ =SMR = % If we wish to reject bigiven an observed relative estimﬁe

that is higher than 1, with one-side type | eaoi.e. the probability of observir@é or

higher, the following condition need to be met:
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P(Ii |R =1) £a , which is equivalent to:
Z,,SER IR =D£(R - @

SinceSER | R :1):§:i (5)

&
When the observed caseg€assumed to be Poisson distributed. The prevaquation

can then be rewritten as:

(é _ 1)2 (6)

The equation can be conveniently used to competexpected number of cases) (E
given certain combinations (fﬁ anda . For example, iﬂ% =15anda = 001, the
requirement for BSE, 2 22. A spatial filter can then be constructed by exptoe circle

from the centroid until enough population at riskricluded so than; fust reach or over 22.
From the equation, we can easily tell that the malivalue of Eneeded is negatively related

to type-I error (smallee requires Egiven fixed é ), and negatively related to detectable

difference as well (small& - Drequires larger Eiven fixeda ). It is necessary to point
out that the equation works well only if the cabtedE value is relatively large (e.g. 20),
which is necessary to justify the normal approxioravf the relative estimat%. If a small

E is calculated from the above equation, we needdalculate E directly from Poisson
distribution. In practice, however, if the calcedtE is too small, the corresponding standard
error of the SIR estimate will be too large. If&oo0 large, the spatial filters will turn to

over-smooth the data while masking interestingiappatterns of disease risk. A practical

approach is to use the equation to compute E givere predetermined combinatiorFof
anda , if the E value is reasonably large (say 30), bty with 30. If the computed E is too
small (such as 10), then use a larger number kk®2the threshold E value instead. The
size of a spatial adaptive filter is inversely tethwith local population density, it will be
large in rural areas and small in urban areas (Eidu)
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Figure 17 Spatial adaptive filters with each filiteclude the same number of expected
cases

Selective spatial filter

A selective spatial filter can be constructed tpiiave the performance in detecting
irregularly shaped disease clusters. Disease ctusteerge for some reasons. In a
geographical context, possible reasons could l#-tuban status, landscape type (mountain
vs. plain), socioeconomic status (poor neighborhaodich neighborhood), or areas
suffering extra environmental hazard. The ide&as tve can classify observations used for
estimating disease rate by the potential factodsueme only observations from desired classes
to compute the disease rate (Figure 18). For ex@nifphe suspect the division between
rural and urban environment will affect diseask aad want to control for it. For any
location that falls in anrban area, we can confine the corresponding spattatl fib include
cases and population only from surroundimigan areas; and the filter will then cover some

irregular shaped area instead of a circle. If watwa control for two variables, such as
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rural/urban and poor/rich, we could divide the nmiagmrea into patches of rural-poor, rural-
rich, urban-poor, urban-rich, and restrict the isppdilter to include only certain type of
patches, depending on which type of patch thempidt locates in. If the selected control
variable in fact is highly correlated with the dise rate, the selective spatial filter is more

likely to detect irregularly shaped disease clugtan the regular spatial filters.

Figure 18 lllustration of selective filters accargito the rural-urban division

Weighted spatial filter

We could a weighting scheme into the spatial filtgmethod as well. Higher weights
will be applied to observations closer to the fikenter. There are many types of weighting
functions to choose, such as exponential functiomnal density function, or some
simplified stair weight function can be used asl\{iglgure 19).

For simplification, | choose to use a stair weifylriction in the weighted spatial filtering
method. Suppose the stair weight function has &l$ewhich correspond to k sub-areas that
constitute a spatial filter i (Figure 19). The esied relative risk at spatial filter i can then be

formulated as:
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W€ 0
k

Here we assume,, ~ PoissorfR , >g , ) .Under the null hypothesis of constant

disease risk (alR’s equal 1) the mean and standard erroﬁpfare:

R Wk'E(Oi,k) Wi € «
E(R|R, =1 =-" = =1 ®)
Wi €« Wi € «
k k
A SH w,0,) SHEWw, >0, )
SER |R, =1) woa, oo

K k
9)
W, x\/a (k w, %0, )+/E . W, xd, 1 _ Wfactor

W >€; ( w,oq).E ) W X \/Ei_ \/E.
k

k k

Where q, = —
«  « E

=1 (10)
Similar to Equation (6), the lower boundary valdi€pis determined by:
2
£ s Z? , Wfactor
i =
(R-1°

‘Wfactor’ is at least one becauﬁ is always greater than or equabjfo which means

(11)

the relative risk estimate from spatial weightirggrees more standard error than the one

estimated without spatial weighting. If we stilleuthe E-value computed for unweighted
spatial filters using Equation 6, the actual detkl& relative risk differenc(al% - 1) will be
larger than the value we entered into Equationvéeikkeep the significance lewel
unchanged; or if we keep the detectable relat'sdedifference(lfﬂ - 1) unchanged, the actual

significant level will be large than what we entered. Despite tisadvantage of larger
standard error in relative risk estimates, the Wweng scheme make the relative risk
estimates less smoothed and maybe closer to thestai@ve risk at the center location,
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especially when the high risk area is relativelyaBrmompared with the size of a spatial

filter.

(@)

(b)
Figure 19 lllustration of different distance weigigt schemes (a) and sub-
regions of a spatial filter corresponding to arstaight function (b)

As | have mentioned before, a stair weight functilhbe used in computation for
simplicity, it is intuitive to have higher weighéstached to observations closer to the filter
center. More specifically, the stair function idided as following:
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K = 3, the spatial filter is divided into three stdgions, by concentric circles
(Figure 19b);

1
0g,=0,=0; = 5 , each sub-region contains the same number of tegheisease

cases. Notice the Wfactor always equa{/f_(b under this setting;
Wi =4, W, =2, W; =1, so that we have a clearly discernable, giddaclining
weighting scheme.

The reason the stair weight function uses the “denator” distance (firs%, second%

and third% of the total expected disease cases from the iéieter) instead of geographical

distance to determine weight is because the sategitive filters vary in spatial size and it
Is impossible to use one distance-weight functmfittall. Although the specifications on
cutting locations and corresponding weights ardrary, | wouldn’t worry much about it
because what is important about the specificagdhat it is considerably different from
unweighted condition, and the distance-decay wsifihgeneral intuition for a weighted
scheme.
Significance tests

Background and Problem

A main research interest in disease mapping igteatl local disease clusters where
observed disease rates are significantly higher the expected reference disease rate, such
as the average disease rate of the whole mappéag RBeople sometimes are also interested
in detecting cold spots where disease rates andisantly lower than the reference rate.
Detection of areas with abnormally high/low diseeses can help informative decisions on
health resource allocation, where areas sufferdniglsease burden should be given higher
priority. They are also useful in explorative epidelogical analysis, to trigger insights and
help form hypotheses on disease causes and digaisms by comparing common variables
between areas of significantly high and low diseases.

In the disease mapping and spatial epidemiologyaitire, people commonly agree that
significance means statistical significance wittnaall, predetermined type-I errar (e.qg.

0.05). There are two common approaches in statiggsts — theoretical approach and
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simulation approach. In a theoretical approaclesadtatistic is computed from observations
and compared with the theoretical distributionhadf statistic when the null hypothesis holds
true. In a simulation (often referred to as Montl@ simulation or permutation) approach,
the test statistic computed from observations mmared with an empirical reference
distribution of the test statistic computed fromnyauns of simulations that are based on the
null hypothesis being true. The theoretical appindacomputationally efficient and precise,
when the distribution of the test statistic undgiiddwell defined. The simulation approach is
computationally intensive and precise when suffitieins of simulations are performed. It is
distribution free and particularly useful when thstribution of the test statistic undegs H
cannot be clearly defined.

In the original spatial filtering method, a Moter@asimulation approach was used to
compute the empirical P-value of the estimatedadiseate (e.g. relative risk) at a grid point.

Such atest is equivalent to a theoretical testabsume the distribution of estimated relative
risk I% under H follows a normal distribution with mean equals @mel standard error

estimated from Equation 5. The two tests are pogsguests because they are performed at
one single grid point at a time. Results from thafwise tests suffer the problem of
multiple tests, without proper adjustment, the testilts are biased. To explain the problem,
let’s look at the following example:

Suppose Area A has a total population of 100,00@. dne year period of time, 1000
incidences of disease D were observed in area A.nlH hypothesis is that each person has
the same probability of contracting the diseasd,laam interested in which local areas A
are suffering more disease risk than expected. &efive hundred spatial filters are
constructed to cover area A, and each spatiat filtdudes 2000 people (which is equivalent
to 1000*2000/100,000 = 20 expected cases). If wesicer the test problem for just one
randomly selected spatial filter,Ahe theoretical solution is simply to compute Fhealue

of O (the number of observed cases in filtgr iA a Poisson distribution withequals 20, or

compute the P-value é{ by comparing it with a normal distribution with= 1

ands = i. When we consider all the five hundred tests diamalously, we face two

V20

problems. First, given the large number of tes$istd will be some significant test results
(false rejections) even if the real local diseages are not higher than expected. For
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example, if we set type | error to be 0.05, we ekpe see 500*0.05 = 25 rejections whegp H
is true for all the 500 independent tests. Sectasd statistics from neighboring spatial filters
are correlated because they share data via thapperg areas between neighboring filters.
Traditional statistical testing procedures that adjust for the multiplicity problem, such as
the Bonferroni procedure (Equation 12), tend tédmeconservative when there are a large
number of tests, the correlations among the teaterthe problem even more complicated.
In this dissertation, | propose two approacheset dith the multiplicity problem. The first
method is based on a procedure that controls Bassmvery Rate (FDR) under multiple
tests. The second method utilizes the Random Fiedwry (RFT) to perform the test.
Neutral simulation plays an important role in botbthods, since it is not possible to derive

distributions of test statistics theoretically.

PFWE
a=

(12%)
m

*Equation (12) is the commonly used Bonferroni equafdii'" is the family-wise error rate; m is the

number of tests involved, ard is the single test P-value. Suppose there are a total of termteswe

want to controlP™E

equal to 0.005.

to be 0.05, then we need to rejegtdily if the single test P-value is smaller than or

Procedure that controls False Discovery Rate

Benjamini and Hochberg (1995) examined the multip&ing problem, and pointed out
that a central concern should be to control the lesurred by erroneous rejections, which is
inversely related to the total number of hypothesgscted. From this point of view, they
introduced the measure of false discovery rate (FBRJ proposed a procedure to control
FDR for multiple tests. Suppose there are a tdtai tests involved in a hypothesis testing

procedure. The various combinations of test resaltsbe summarized in Table 8 below.

Table 8 Number of errors committed when testingypotheses

Declared Declared Significant Total
non-significant
Hy true U \% mp
H, false T S m-my
Total m-R R m

The FDR is defined as:
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Q. =E(Q=ENM/(V+S)=EV/R) (13)

A FDR controlling procedure given in Benjamini addchberg (1995) is specified as:
Consider testing H H,, ..., Hn based on the corresponding p-valugs®, ..., Bn. Let
£P

P 2 E.-.£ P, be the ordered p-values, and denote pytie null hypothesis

®
corresponding to {. Let k be the largest i for which:
I .

P £ Eq (14)

Then reject all | i=1,2,..., k.

For independent test statistics and for any condigion of false null hypotheses, the
above procedure controls the FDR at q

The FDR controlling procedure can be used in tlaialfiltering context, and the key
step is to compute the p-values of test statisti¢the m grid points (SMB) correctly.
Suppose spatial adaptive filters with fixed E-vatoeputed from Equation 6 or 11 are used.
Under B (R =1), SMRs at the m grid points are identically distribubed not independent.

Under this condition, it is not appropriate to tise pointwise P-values estimated either from
theoretical derivation or simulation as the origis@atial filtering

Here | design a neutral simulation model to comgugirical P-values for the
correlated test statistics. The neutral simulasocharacterized by two conditions. First, the
total number of simulated cases equals the actuaber of observed cases; second, every
population at risk has the same probability (adpgstor age when age standardized rate are
considered) of being a disease case. Once a sgholfated cases is generated, we can
compute SMR values at the m grid points, the m SMRes form a reference distribution of
the correlated SMR under the null hypothesigHsince the m SMR values are results from
just one simulation and subject to large unceryawve repeat the simulation many times, for
example 100, then the 100 times m SMR values foratadively stable reference
distribution for the test statistic undeg.Hrollowing the step illustrated in Figure 3.2, oan
compute an empirical P-value for each of the m $iue computed fromeal
observations. Once we have the P-values, we canf4eR value (e.g. 0.05) and use the
procedure described by Equation (14) to identigykhgrid points with significantly high
SMRs.
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Procedure applying Random Field Theory

Brett et al. (2004) discussed the problem of ugamgily-wise significance test to find a
hot spot in smoothed brain functional image datanfpositron emission tomography (PET),
under the condition of correlated nearby pixelsa lorain image, if the number of
‘independent’ observation can be computed theriam&y-wise error (FEW) rate can
simply be computed using a Bonferroni adjustmequéion 12). Since there is no clear
way to compute the number of ‘independent’ obs&raatin a smoothed brain image, Brett
et al. (2004) used Random Field Theory (RFT) irtsteaackle the problem. There are two
assumptions underlying RFT. The first is that threrefields are a reasonable lattice
approximation to an underlying random field witimaltivariate Gaussian distribution. The
second is that these fields are continuous, withige-differentiable autocorrelation
function. Under these assumptions, the expecteer Ebbracteristic (EC) can be computed
for an image assumed to be one realization of damarfield. The EC is a property of an
image corresponding to a specified threshold vadtoe the purpose of detecting hot spots in
brain image, the EC can be thought of as the nufdeot spots in an image above a certain
threshold value. Intuitively, the number of clustetentified will be fewer as the threshold
increases. At high threshold values, the EC iseitime or zero, hence the expected EC, E

[EC], is approximately the probability of findinghe hotspot in a statistic imagghis is

=] FWE

equivalent to » E[EC]. For an image of two dimensions, the equatiorotofuute

E[EC] was given by Worsley et al. (1992):
3 1y
E[EC] = R(4log, 2)(2p) 2Z,e 2 (15)

R is the number of ‘resel’s in the image. ‘Resedlsantroduced by Worsley et al.(1992)
as a measure of the number of “resolution elementa’statistical image. For example, if
the original image is smoothed by a Gaussian kevitelwidth 10 at x and y directions, then
a ‘resel’ in the smoothed image is a block of 10@ls. If there are 20,000 pixels in a image,
R will equal to 200. Zs the threshold Z value.

The correct way to utilize this equation is totficempute values d&[EC] for a range of
Z:s and plot the result on a curve. Then we can chaaesirable value &EC], such as

0.05, and find the correspondingvalue at the upper tail of the plotted curve. Thisalue
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is the threshold value we need to determine whethmxel value is significantly high or not.

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

Figure 20* Expected EC values for an image of igls
* reproduced from Figure 6 of (Brett, Penny, anel&l 2004)

The problem of hotspot detection in a brain imageery similar to what we face in
testing for high risk areas from the correlated SMRtimated at spatial filter centers; each
spatial filter center in a mapping area is complarédpa pixel in a brain image. So it is

applicable to apply the EC-based testing procentuoeir disease cluster detection scenario.
The number of ‘resel’s can be approximatedey% , Where N is the total disease cases in

the study area, and E is the expected cases ingke Sipatial filter. Equation 15 can then be
used to make the plots and the corresponding tbigsfalue Z can be found for a specific
family-wise error rate (i.e. E[EC] value). The tsformation between a SMR statistic and Z

statistic under klis done using the following equation:
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_ [swR-

' SESMRR=1) (o)

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

an unweighted or weighted spatial filter is used.
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