Beyond Mapping Il

Topic 28. spatial Data Mining in Geo-
Business

Map Analysis book with
companion CD-ROM for
hands-on exercises
and further reading

Twisting the Perspective of Map Surfaces 6 describes the character of spatial distributions

through the generation of a customer density surface

Linking Numeric and Geographic Distributions d investigates the link between numeric and

geographic distributions of mapped data

Myriad Techniques Help to Interpolate Spatial Distributions 8 discusses the basic concepts

underlying spatial interpolation

Interpreting Interpolation Results (and why itis important)d descr i bes the wuse of 0l
analysiso for evaluating spatial interpol ation pe
Use Map Analysis to Characterize Data Groupsd di scusses the use of dAdat a
derive similarity among the data patterns in a set of map layers

Get ReMmapt i cal 0 t o | dechad dryi Deas at Esolniessengd R obevel as
locations with a specified data pattern (data zones)

Di scover the AMiracl eod des Maiplpe 19t Datas €|l aufstfeaIsu st
inherent groupings of similar data patterns

Can We Really Map the Future?d descri bes the use of #fAlinear regr
prediction equations relating dependent and independent map variables

Follow These Steps to Map Potential Sales & describes an extensive geo-business application
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Twisting the Perspective of Map Surfaces

(GeoWorld, April 2008)
(return to top of Topi¢

This sectionds t boncems, gidsarbeye obnewhand them a twist®fr
perspective to concoct a slightly shaken (not stirred) new perception of map surfaces.
Traditionally one thinks of a map surface in terms of a postcard scene of the Rocky Mountains
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with peaks and valleygcording uplift and erosion over thousands of y@arglown to earth
view of a map surface one can stand on.

However, a geomorphol ogi cal point of view of

type of map surface. For exampleZastomer Densit$urfacecan be derived from sales data

that depicts the peaks and valleys of customer concentrations throughout a city as discussed in an

earlier Beyond Mapping column (November 2005;

processing stepsinvolvédl ) a customer 6s street address i
coordinates, 2) vector to raster conversion is used to place and aggregate the number of
customers in each grid cell of an analysis fradigc(ete mapped daxa3) a rowing window is

usedto count the total number of customers within a specified radius of eacharglh(ious

mapped datg and then 4) classified into logical ranges of customer density.
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Figure 1. Geocoding can be used to connect customer addresses to their geographic locations
for subsequent map analysis, such as generating a map surface of customer density.

L— [ 20 grid display of customer counts ‘ —

Density Map

The important thing to note is that the peaks and valleys characterigpdtial Distributionof

the customers, a concept closely akin duanerical Distributiorthat serves as the foundation
for traditional statistics. However in this instance, three dimassare needed to characterize

t he dat a®sXardliy soprdimates toposition the data in geographic space and a Z
coordinate to indicate the relative magnitude of the variable (# of customers). Traditional
statistics needs only two dimensiénX to identify the magnitude and Y to identify the number
of occurrences.

While both perspectives track the relative frequency of occurrence of the values within a data set,

the spatial distribution extends the information to variations in geographic sgaeell as in
numerical variations in magnitudef r om j ust fAwhato to fiwhere i
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describes the geographic pattern of customer density as peaks (lots of customers nearby) and
valleys (not many).

Within our historical perspectiveaiappi ng t he ability to plot Awh
i tsel f. Li ke I nspector Columbod6s crime scene
pattern is thought to be sufficient for solving crimes. However, the volume of sales transactions

ard their subtle relationships are far too complex for a visual (visceral?) solution using just a

Google Earth masheap image.

The interaction of numerical and spatial distributions provides fertile turf for a better
understanding of the mounds of dataimeerently collect every day. Each credit card swipe
identifies a basket of goods and services purchased by a customer that can place on a map for
grid-based map analysis to make sense ofdtalwhy 6 and fAso what . o

Customer
Density

(Map Surface)

Customer Density |
(Non-spatial Statistics)
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Figure 2. Merging traditional statistics and map analysis techniques increases understanding of
spatial patterns and relationships (varianfoeused; continuousjeyond the usual central
tendency (meafocused; scalar) characterization of gbasiness data.

For example, consider the left side of figure 2 that relates the unusually high response range of
customers of greater than 1 standard deviation above the(eneamerical distribution

perspective) to the right side that identifies the location of these pockets of high customer density
(a spatial distribution perspective). As discussed in a previous Beyond Mapping column (May
2002; see aut Ipleanéalsis usesta typical trangactisn database to 1) map the
customer locations, 2) derive a map surface of customer density, 3) identify a statistic for
determining unusually high customer concentrations (> Mean + 1SD), and 4) apply the statistic
to locate the areas with lots of customers. The result is a map view of a commonly used
technique in traditional statistidsan outcome where the combined result of an integrated spatial
and numerical analysis is far greater than their individual contributions.
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However, another step is needed to complete the process and fully illustrate-thusigess
framework. The left side of figure 3 depicts the translation of aspatial customer database

into a mapped representation using vetiased processing thaétermines Lat/Lon coordinates

for each record the mapping component. Translation from vector to raster data structure
establishes the analytic frame needed for map analysis, such as generating a customer density
surface and classifying it into statistigadefined pockets of high customer den8itsthen map
analysis component.
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Figure 3. The column, row index of the grid cells in thelitaframe serves as a primary key
for linking spatial analysis results with individual records in a database.

The importance of the analytic frame is paramount in the process as it provides the link back to
the original customer datab@séhe spatial da mining component. The column, row index of

the matrix for each customer record is appended to the database and serves as a primary key for
Awal ki ngo between the GI'S and the database.
density can be appéded to the customer database using the column, row index in both data sets,
and then used to identify individual customers within these areas.

Similarly, maps of demographics, sales by product, trtwred to our store, and the like can be
used in custmer segmentation and propensity modeling to identify maps of future sales
probabilities. Areas of high probability can be crasdked to an existing customer database (or
Zip +4 or other generic databases) to identify new sales leads, product mixgstec&ls,
inventory management and competition analysis. At the core of this vast potential-for geo
business applications is the analytic frame and its continuous map surfaces that underwrite a
spatially aware database.
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Aut hor dRelatdbadisceission on Density Surface Analysis is in Topic 6, Summarizing Neighbors in tdapdéaialysis
(Berry, 2007; GeoTec Medisww.geoplace.com/books/MapAnalysénd Topics 17 and 26 in the onliBeyond Mapping Il
compilation (www.innovativegis.com/basis/MapAnalykis

Linking Numeric and Geographic Distributions

(GeoWorld, June 2008)
(return to top of Topi¢

The previous section set the stagedigcussion of the similarities and differences of-geo

business applications to more conventional GIS solutions in municipalities, infrastructure,

natural resources, and other areas with deep roots in the mapping sciences. Underlying the
discussion was theoncept of &rid-based Analysis Franmtbat serves as a primary key for

Awal ki ngo between a continuous geographic spa
customer database.

It illustrated converting a point map of customer locations ir@astomer Density Surfadhat
depicts the Apeaks and valleyso of customer ¢
is analogous to Inspector Columbods cri me sce
a point pattern is rarely sufficiefor solving crimes. Nor is it adequate for a detailed

understanding of customer distribution and spatial relationships, such as determining areas of
statistically high concentratiodsCustomer Pockets that can be used in targeted marketing,

locating ATMsor sales force allocation.

Another gridbased technique for investigating the customer pattern invBlwes Territories
assignment. This procedure looks for inherent spatial groups in the point data and assigns
customers to contiguous areas. InéRample in figure 1, you might want to divide the
customer locations into ten groups for démdoor contact on separate days.

...a Clustering technique based on Customer Territories )
Lat/Lon position can be used to divide ,_;:fi LT, TR, TN 1 o e
a pattern of points into spatially .“. i- TL I N Y,
balanced groups, and then filled to 1S J:‘WJ "mzm‘jii‘u‘mu
identify Customer Territories i ] 4

Customer Locations

Figure 1. Clustering on the latitude and longitude coordinates of point locations can be used
to identify geographically balanced customer territories.
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The two small inserts on the left show the general pattern of customers, and then the partitioning
of the patten into spatially balanced groups. This initial step was achieved by applifing a
mean<clustering algorithm to the latitude and longitude coordinates of the customer locations.

In effect this procedure maximizes the differences between the groupswimiiteizing the

differences within each group. There are several alternative approaches that could be applied,
but K-means is an oftensed procedure that is available in all statistical packages and a growing
number of GIS systems.

The final step to asgn territories uses @earest neighbointerpolation algorithm to assign all
nontcustomer locations to the nearest customer group. The result is the customer territories map
shown on the right. The partitioning based on customer locations is geogigdiatahced
(approxi mately the same area in each cluster)
customers within each gro@ighat varies from 69 in the lower right (Territory #8) to 252
(Territory #5) near t he updléeatackledp b futére deyorrdt t wi
mapping column.

However it does bring up an opportunity to discuss the close relationship between spatial and
nonspatial statistics. Mosdurofeasf ar esdaomo Il i @gn
know, withla s of Co6s, fewer BO6s and D6s, and a trul
perfect bell, symmetrical about the center with the tails smoothly falling off toward less frequent
conditions.

Map View Data View

Total_customers_surface

Total_customers_surface

[Mean 177 -
| Stan.dard Error 0.16] Yies= T
Median 13.00 2000
Mode 2.00|
Standard Deviation 1801 | 8 4509
| |Sample Variance 256.23 | 8
| [Kurtosis 1.38] Ewoa
Skewness 1.30|
Range 92.00 500 ” H
Minimum 0.00] H
| |Maximum 92.00] 0 |]1 B =”1|]1[|1D1Dr":“= =t
|15 |Sum 177350.00] DR P PR P PRSP oP‘ﬁ,@
Count 10000.00 : —
Geographic Distribution < > Numeric Distribution

Figure 2. Mapped data are characterized by their geographic distribution (maps on the left) and
their numeric distribution (descriptive statistics and histogram on the right).

However thenormal distribution(belks haped) i snét as nor mal (typi
exampleNewsweekoted that the average grade atamajoliyague uni versity i ¢
with a few Ads and FO6s sprinkWwtd abbobubfaddgot
off to |l esser amounts of B6s, CO0s and (heaven
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The frequency distributions of mapped data also tend towarbthermal (formally termed
asymmetricgl For example, consider the customer density dabwn in the figure 2 that was
derived by counting the total number of customers within a specified radius of each cell (roving
window). The geographic distribution of the data is characterized MabpeViewby the 2D

contour map and 3D surface on thft. Note the distinct pattern of the terrain with bigger

bumps (higher customer density) in the central portion of the project area. As is normally the
case with mapped data, the map values are neither uniformly nor randomly distributed in
geographispace. The unique pattern is the result of complex spatial processes determining
where people live that are driven by a host of faétarst spurious, arbitrary, constant or even
Anor mal 0 events.

Now turn your attention to the numeric distribution of tla¢a depicted in the right side of the

figure. TheData Viewwas generated by simply transferring the grid values in the analysis

frame to Excel, then applying théstogramandDescriptive Statisticeptions of the Data

Analysis adein tools. The maprganizes the data as 100 rows by 100 columns (X,Y) while the
non-spatial view simply summarizes the 10,000 values into a set of statistical indices
characterizing the overall central tendency of the data. The mechanics used to plot the histogram
and genate the statistics are a pieagkcake, but the real challenge is to make some sense of it

all.

Note that the data ar -€umé,butappeartshiftedotarimed dkeveed) toa
the left. The tallest spike and the intervals to its lehtch the large expanse of grey values in

the map view frequently occurring low customer density values. If the surface contained a
disproportionably set of high value locations, there would be a spike at the high end of the
histogram. The red line ithe histogram locates the mean (average) value for the numeric
distribution. The red line in the 3D map surface shows the same thing, except its located in the
geographic distribution.

The mental exercise linking geographic space with data spag@@iaone, and some general

points ought to be noted. First, there isno

datads distribution (geographic and numeri c) .

same hi st ogr am. ial dalahcantaidssaddisienal mforsaidvehereas well as

whadband the same data summary of the Awhat b6so

arrangements (fiwhereod6so).

But is the reverse true? Can a given geographic arrangement result in differemegwisita

Nope, and ités this rel at tqoeryintothgarenshohnapped t a p
data analysis. Traditional analysis techniques assume a functional form for the frequency
distribution (histogram shape), with the standard normal-éheped) being the most prevalent.

Spatial statistics, the foundationofgeau si ness applications, doesn

or numeric functional forngs it simply responds to the inherent patterns and relationships in a
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data set. The next senal columns will describe some of the surface modeling and spatial data
mi ni ng techniques available to the venturesom
of traditional mapping and statistics.

Aut hor 6Rehtédaiscassion isin Topic 6, Surface Modeling in the workBoalkyzing GeeBusiness DatéBerry, 2003;
available fromwww.innovativegis.com/basis/Books/AnalyzingGBdata/

Interpolating Spatial Distributions

(GeoWorld, July 2008)
(return to top of Topi¢

Statistical sampling has long been at the core of business research and practice. Traditionally

data analysisusednenp at i al st at i st i deseldf sales| hdwsingtpricesy t he 0
customer income, etc. throughout an entire neighborhood, city or region. Considerable effort

was expended to determine the best single est
estimate was in typifying the extendegbgraphic area.

However norspatial techniques fail to make use of the geographic patterns inherent in the data

to refine the estimafethe typical level is assumed everywhere the same throughout a project

area. The computed variance (or standard dewigitialicates just how good this assumption

isot he | arger the standard deveveayherethesahebhe | es s
But no information is provided as to where values might be more or less than the computed

typical value (average).

n Surface Map

&
“
55
%
45
0~
# » Avg =42.9
o ~~

"Spikes 'n Blanket”

Figure 1. Spatial interpolation involves fitting a continuous surface to sample points.
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Spatial Interpolation onthe other hand, utilizes spatial patterns in a data set to generate

|l ocali zed estimates t hr oug hmapdthetvdriances dmplusd ngr
geographic position to help explain the differences in the sample values. In practioplyit si

fits a continuous surface (kind of like a blanket) to the point data spikes (figure 1).

While the extension from nespatial to spatial statistics is a theoretical leap, the practical steps

are relatively easy. The left side of figure 1 shows 2D3aild fipoi nt mapso of dat
depicting the percentage of home equity loan to market value. Note that the sampées are
referencedand that thesampling pattermndintensityare different than those generally used in

traditional norspatial statistis and tend to be more regularly spaced and numerous.

The surface map on the right side of figure 1

vall eys of the surface map representi-ng the d
spatal approach when mapped is a flat plane (average everywhere) aligned within the yellow
zone. Its feverywhere the sameo assumption f

and smaller levels (greens). A decision based on the averagé288%) would be ideal for
the yellow zone but would likely be inappropriate for most of the project area as the data vary
from 16.8 to 72.4 percent.

The process of converting poisampled data into continuous map surfaces representing a spatial
distribution is termedurface Modelingnvolving density analysis and map generalization
(discussed last month), as well as spatial interpolation techniques. All spatial interpolation
techniques establish a "roving window" hat

T moves to a grid location in agect area (analysis frame),

T calculates an estimate based on the point samples around it (roving window),
1 assigns the estimate to the center cell of the window, and then

T moves to the next grid location.

The extent of the window (both size and shafiects the result, regardless of the summary
technique.In general, a large window capturing a larger number of values tends to "smooth" the
data. A smaller window tends to result in a "rougher" surface with more abrupt transitions.

Three factors affedhe window's extent: its reach, the number of samples, balandihg.

reach or search radius, sets a limit on how far the computer will go in collecting data values.
Thenumber of samplesstablishes how many data values should be u$#uere is nore than

the specified number of values within a specified reach, the computer uses just the closest ones.
If there are not enough values, it uses all that it can find within the r&adtancingof the data
attempts to eliminate directional bias by emsgithat the values are selected in all directions

around window's center.

Once a window is established, one of several summary techniques comes intoyaese
distance weightefiDW) is an easy spatial interpolation technique to conceptualiedi(gee
2). It estimates the value for a location as an average of the data values within its videity.
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average is weighted in a manner that decreases the influence of the surrounding sample values as
the distance increasem the figure, the estiate of 53.35 is the "inverse distarsmpiared (1/8)

weighted average" of the four samples in the wind®ample #15 (the closest) influences the

average a great deal more than sample #14 (farthest away).

W[[#14] 225 405352 0509
.| #15] 523 405352 105072
C G 05352 05054
= 405458 105108
O| 342 405463 105,08
M| [#11]  ses 405488 105072
Oy ez 405489 105054 i i
O\ s 405625 -105.108 1) ’dent’f Cepeis
O \ w8 405626 105.09 in window—
O \ sz 405626 105072 _
O \ 2e 405626 105054 #1120 = 56.9 _
O VR 405764 10508 #14 e = 22.5 4) Assign
(| \;27 0T84 10508 #1540 = 52.3 weight-averaged
O 4 405784 105072 =
O 5‘2 RaEs 105051 | B #TBVEMG 66.3 value— 53. 35
AT \ 0N
\ Sampled Data 3) Weight-average window
values based on distance to grid
‘ location—
1 2 3 4 e
“closer has more influence”
5 6 \ T 8
\ 2) Calculate
a . . - distance from
LTI location to data
: points—
13 15 N Y #11 giszance = 22.80
LYy #14 yigiance = 26.08
ki : #15ysance = 6.32
#1Bosrance = 14.14 5) Move window to next

T raeer ot grid location and repeat

Figure 2. Inverse distance weighted interpolation wemldrages sample values within a
roving window.

The right portion of figure 2 contairisreedimensional (&) plots of the point sample data and
the inverse distanesquared surface generatethe estimated value in the example can be
conceptualized as "sitting on the surface," 53.35 units above the base (zero).

Figure 3 shows the weited average calculations for spatially interpolating the example location
in figure 2. The Pythagorean Theorem is used to calculat@iskencefrom the Grid Location

to each of the datdamplesvithin the summary window. The distances are converted to
Weightsthat are inversely proportional (133see example calculation in the figure). The sample

Valuesare multiplied by their computéddeightsa nd t he fAsum of the produ
Asum of the weightso t o c(&3.36)doltletloeatian bneahewe i ght e
interpolated surface.

Because the inverse distance procedure is a fixed, geotinated method, the estimated values

can never exceed the range of values in the original field édga, IDW tends to "putdown
peaksadpullup vall eys" in the de&tyasoasarweaelnld asampédre
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locations. The technique is best suited for data sets with samples that exhibit minimal regional

trends.

Sample

"X" Grid

#11
#14
#15
#16

Row Column

41
21
21
21

Location

60
40
60
80

66

Value

56.90
22.50
52.30
66.30

Distance
SQRT[A*2 + B*2)]
22.80
26.08
6.32
14.14

Sum =

For example...

SQRT [(41-19)*2 + (60-66)*2]

=22.80

Weight Value times

(1/D"2)
0.0019
0.0015
0.0250
0.0050

0.0334

Weighted
Average =
(1.7815/0.0334)

Weight
0.1094
0.0331
1.3075
0.3315

1.7815

53.35

Figure 3. Example Calculations for Inverse Distance Squared Interpolation.

However, there are numerous other spatial interpolation techniques that map the spatial
distribution inherent in a data set. Nexo nt h 6 s
interpolation results from different techniques and describe a procedure for assessing which is

best.

c

ol umn

wi ||

Aut hor 6Relatbdisceission is in Topic 6, Surface Modeling in the wokldnalyzing GeeBusiness DatéBerry, 2003;
available fromwww.innovativegis.com/basis/Books/AnalyzingGBdata/

Interpreting Interpolation Results (and why it is
Important)

GeoWorld, August, 2008)

(return to top of Topi¢

focus on

For some, the previous column discussion on generating map surfaces from point data (GW July
2008) might have been too simpligtienter a few things then click on a data file andla, you
have a equity loan percentage surface artfully displayed in 8badiunch of cool colors.

Actually, it is that easy to create one. The harder part is figuring out if the map generated makes
sense and whether it is something you ought to use in analysis and important business decisions.
mo nt h 6 ses therklative mmaodntssoftinfosmation provided by thespatial
arithmetic average versus sgpecific maps by comparing the average and two different

Thi s

interpolated map surfaces. The discussion is further extended to describe a procedure for

guantitatvely assessing interpolation performance.

Thetopl ef t

|l ook s

i nset

k e

a

n

f

gur e

pancake but
average valu® it assumes 42.88 percent is everywhere. Thespatial estimate simply adds

1

shows

t hat 6s

t he map
because
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up all of the sample values and divides by the number of samples to get the average disregarding
any geographic pattern.

Difference Surface
(IDW - Average)

IDW Surface

M= el Com]
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0 185 2683 19- n

...1.4% within a difference of 1 Reds
21.7% within + 10 Avg>IDW

i B

Greens
Avg<IDW

IDW - Average

Figure 1. Spatial comparison of the project area average and the IDW interpolated surface.

The spatiallybased estimates comprise the map surface just below the pancake. Afdescrib
last month Spatial Interpolatioriooks at the relative positioning of the samples values as well as
their measure of loan percentage. In this instance the big bumps were influenced by high
measurements in that vicinity while the low areas respond&artounding low values.

The map surface in the right portion of figure 1 compares the two maps by simply subtracting
them. The colors were chosen to emphasize the differences between théetthakerage

estimates and the interpolated ones. Theybilow band indicates no difference while the
progression of green tones locates areas where the interpolated map estimated higher values than
the average. The progression of red tones identifies the opposite condition with the average
estimate being lger than the interpolated ones.

The difference between the two maps ranges fraél to +29.5. If one assumes that a

difference of +/ 10 would not significantly alter a decision, then aboutguarter of the area
(9.3+1.4+11= 21.7%) is adequately repented by the overall average of the sample data. But

that leaves about thrdeurths of the area that is either wib#low the average (18 + 19 = 37%)

or well-above (25+17 = 42%). The upshot is that using the average value in either of these areas
could lead to poor decisions.

Now turn your attention to figure 2 that compares maps derived by two different interpolation
techniqued IDW (inverse distance weighted) and Krigging (an advanced spatial statistics

From the online book Beyond Mapping Il by Joseph K. Berry posted at www.innovativegis.com/basis/MapAnalysis/
All rights reserved. Permission to copy for educational use is granted.

Page 12



Topic28_files/image020.png

technique using data trends). Note the sintylan the two surfaces; while subtle differences are
visible, the overall trend of the spatial distribution is similar.

Difference Surface
(IDW - Krig)

Min = -14.8
Max = 5.0

" IDW Surface
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-..27.0% within a difference of 1 Reds

- g Greens
99.0% within + 10 Krig=1DW |

Krig<IDW

IDW - Krig

Figure 2. Spatial comparison of IDW and Krig interpolated surfaces.

The difference map on the right confirms the similarity between the two map surfaces. The
narrow band of yellow identifies areas that are nearly identical (withib.8). The light red
locatiors identify areas where the IDW surface estimates a bit lower than the Krig ones {within
10); light green a bit higher (within +10). Applying the same assumption about plus/minus 10
difference being negligible for decisignaking, the maps are effectivalye same (99.0%).

So whatdéds the bottom |Iine? First, that there
average and interpolated surfaces. Secondly, that quibbling about the best interpolation
technique 1 sndt as i atepdsurfacesfor ecisemakiogsi ng any i nt

But which surface best characterizes the spatial distribution of the sampled data? The answer to
this question lies iResidual Analysid a technique that investigates the differences between
estimatecandmeasuredralues throughout an area.

The table in figure 3 reports the results for twelve randomly positioned test samples. The first
column identifies the sample ID and the second column reports the actual measured value for

that location. Column C simply depidtse assumption that the project area average (42.88)
represents each of the test | ocations. Col um
a c t @& farmally termed theesidual For example, the first test point (ID#1) estimated the
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average of 488 but was actually measured as 55.2,12032 is the residual (42.8%5.20=-
12.32) équite a bit off. -H0A0e6\bR).r , poi nt #6

...Residual Analysis
is used to evaluate
interpolation performance

(Krig at 03 Normalized Erroris best)

Average Dw
A | B | C | D | E ] F |
Test Set (randomly selected)

D Actual Average  Avg-Actual DY IDW-Actual Krig Krig-Actual

1 55.20 42.88 12.32 53.50 -1.70 53.60 -1.60

2 31.40 42.88 11.48 29.50 -1.90 30.60 0.80

3 50.30 42.88 T42 50.60 0.30 49.20 -1.10

4 17.90 42.88 24.98 21.90 4.00 18.20 0.30

5 65.10 42.88 22.22 63.90 1.20 67.50 2.40

6 49.40 42.88 6.52 51.20 1.80 50.30 0.90

7 17.80 42.88 25.08 20.40 2.60 16.40 -1.40

8 68.50 42.88 -25.62 66.50 -2.00 69.00 0.50

9 33.70 42.88 9.18 34.20 0.50 34.40 0.70

10 67.80 42.88 -24.92 64.90 -2.90 70.90 3.10

" 22.40 42.88 2048 23.60 1.20 21.30 -1.10

12 55,60 42.88 12,72 54.90 £.70 57.40 1.80

Average values= 44.59 42.88 44.59 44.90

Residual sum= -20.54 0.00 3.70
Average error= 16.91 1.73 1.31
Normalized error= 0.38 0.04 0.03

Figure 3. A residual analysis table identifies the relative performance of average, IDW and Krig
estimates.

The residuals for the IDW and Krig maps are similarly calculated to form columns F and H,
respectively.First note that the residuals for the project area average are considerably larger than
either those for the IDW or Krig estimates. Next note that the residual patterns between the IDW
and Krig are very simil& when one is off, so is the other and usubihabout the same

amount. A notable exception is for test point #4 where the IDW estimate is dramatically larger.

The rows at the bottom of the table summarize the residual analysis resulResldigal Sum
characterizes any bias in the estimatasegative value indicates a tendency to underestimate
with the magnitude of the value indicating how much. T2@54 value for the wholfeld
average indicates a relatively strong bias to underestimate.

The Average Erromeports how typically far off th estimates were. The 16.91 figure for area
average is about ten times worse than either IDW (1.73) or Krig (1.31). Comparing the figures
to the assumption that a plus/minus10 difference is negligible in decisa&mg, it is apparent

that 1) the projecarea average is inappropriate and that 2) the accuracy differences between
IDW and Krig are very minor.

TheNormalized Errorsimply calculates the average error as a proportion of the average value
for the test set of samples (1.73/44.59= 0.04@W). This index is the most useful as it allows
you to compare the relative map accuracies between different maps. Generally speaking, maps
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with normalized errors of more than .30 are suspect and one might not want to use them for
important decisions.

So what 6 s -bottbnelind? drbat Residual Analysis is an important component ef geo
business data analysis. Without an understanding of the relative accuracy and interpolation error
of the base maps, one cannot be sure of the recommendations isrmhgeerived from the
interpolated data. The investment in a few extra sampling points for testing and residual analysis
of these data provides a sound foundation for business decisions. Without it, the process
becomes one of blind faith and wishfuirtking with colorful maps.

Aut hor dRelatbbdlisceission and hards exercises are in Topic 6, Surface Modeling in the workBoalyzing Gee
Business Dat#Berry, 2003; available avww.innovativegis.com/basis/Books/AgaingGBdataj.

Use Map Analysis to Characterize Data Groups

(GeoWorld, September 2008)
(return to top of Topi¢

One of the most fundamental techniques in map analysis is the comparison of a set of maps.
This usually involves staring at some slieside map displays and formulating an impression
about how the col orful patterns do and donodt

Housing Density
187
I 151
L1

3.03
I 2.66
2.29

(Unitsiac)

South has
Lower Density

Home Value

410
I 3n2
335

224
I 187
150

Home Age
544
I 494
“z

8.6
I 234
18.2

(Years)

i South has
Higher Values

South has
Newer Homes

Figure 1. Map surfaces identifying the spatial distribution of housing density, value and age.
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But just how similar is one location to another? Really similar, or just a little bit simNad?

just how dissimilar are all of the other areas? While visual (visceral?) analysis can identify broad
relationships, it takes quantitative map analysis to generate the detailed scrutiny demanded by
most Geebusiness applications.

Consider the three rpa shown in figured what areas identify similar data patterns? If you
focus your attention on a location in the southeastern portion, how similar are all of the other
locations? Or how about a northeastern section? The answers to these quesaonsare f
complex for visual analysis and certainly beyond theqezry and display procedures of
standard desktop mapping packages.

The mapped data in the example show the geographic patterns of housing density, value and age
for a project area. In vislianalysis you move your focus among the maps to summarize the

color assignments (2D) or relative surface height (3D) at different locations. In the southeastern
portion the general pattern appears to be low Density, high Value and Iaw ldge high, low.

The northeastern portion appears just the oppbgitgh, low, high.

The difficulty in visual analysis is twioldd remembering the color patterns and calculating the
difference. Quantitative map analysis does the same thing except it uses theaptualues in
place of discrete color bands. I n addition,
completes the comparison throughout an entire map window in a second or two (10,000 grid

cells in this example).

The uppeileft portion of figure 2llustrates capturing the data patterns for comparing two map

|l ocati ons. The fidata spearo at Point #1 iden
$407,000 and Age as 18.3 years. This step is analogous to your eye noting a color pattern of

green, red, and green. The other speared location at Point #2 locates the least similar data pattern
with housing Density of 4.8 units/ac, Value of $190,000 and Age of 51.20yearsas your eye

sees it, a color pattern of red, green, red.

The right sideof the figure schematically depicts how the computer determines similarity in the

data patterns by analyzing them inthceé me nsi on all Afdata space. 0 Si
close to one another with increasing distance indicating decreasing simildréyealization

that mapped data can be expressed in both geographic space and data space is paramount to
understanding how a computer quantitatively analyses numerical relationships among mapped

data.

Geographic spaceases earth coordinates, sucHaagude and longitude, to locate things in the

real world. The geographic expression of the complete set of measurements depicts their spatial
distribution in familiar map formData spaceon the other hand, is a bit less familiar. While

y o u c allnhdough datarspace you can conceptualize it as a box with a bunch of balls

floating within it.
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Geographic Space - relative spatial position

Bointes of measurements

Point #1

Density

...as data distance increases, the
map values for two locations

Data Similarity is inversely proportional to Data Distance
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Least Similar Point #2
D= High (4.8 units/ac)

V= Low ($190,000)

A= High (51.2 years)

Figure 2. Conceptually linking geographic space and data space.

Data Space - relative numerical

magnitude of measurements

In the example, the three axes defining the extent of the box correspond to housing Density (D),
Value (V) and Age (A The floating balls represent data patterns of the grid cells defining the

geographicspaéeone dAfl oating ball

0

(dat a

point) f

or

the balls extend from the data a&e®.4, 407.0 and 18.3 for tloemparison pointdentified in
figure 2. The other point has considerably higher values in D and A with a much lower V values

so it plots at a different location in data space (4.8, 51.2 and 190.0 respectively).

The bottom line for data space analysis is that the pogiti a point in data space identifies its
numerical patterd low, low, low in the backeft corner, and high, high, high in the uppight
corner of the box. Points that plot in data space close to each other are similar; those that plot

fartherawayare e ss si mi |l ar . Dat a

di

stance

S

t he wa)

displays. The real difference in the graphical and quantitative approaches is in thé details

tireless computer fAseeso

generate a detailed map of similarity.

extr emmintgandaab t | e

In the example in figure 2, the floating ball closest to you is least sdngar e at e s t

di stanceo from t he

compari son

point .

di f

ndat a
This di

and sets thbottom value of the similarity scale (0% similar). A point with an identical data
pattern plots at exactly the same position in data space resulting in a data distance of O equating

to the highest similarity value (100% similar).
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Least Similar Point = 4.8, 190, 51.2

Percent
Similar

...the farthest away point in data
space (least similar) is set 0 and the
comparison point is set to 100 —

...all other Data Distances are
scaled in terms of their relative
similarity as “percent similar’ to
the comparnison point (0 to 100)

Comparison Point = 2.4, 407, 18.3

Figure 3. A similarity map identifies how related locations are to a given point.

The similarity map shown in figurg applies a consistent scale to the data distances calculated
between the comparison point and all of the other points. The green tones indicate locations
having fairly similar D, V and A levels to the comparison locadiavith the darkest green
identifying locations with an identical data pattern (100% similar). It is interesting to note that
most of the very similar locations are in the southern portion of the project area. Tigzdigyt

to red tones indicate increasingly dissimilar areas occurritigeinorthern portion of the project
area.

A similarity map can be an extremely valuable tool for investigating spatial patterns in a
complex set of mapped data. The similarity calculations can handle any number of input maps,
yet humans are unable ¢éwen conceptualize more than three variables (data space box). Also,
the different map layers can be weighted to reflect relative importance in determining overall
similarity. For example, housing Value could be specified as ten times more important in
assessing similarity. The result would be a different map than the one shown in égines
different depends on the unique coincidence and weighting of the data patterns themselves.

In effect, a similarity map replaces a lot of general impressionsudctive suggestions for
comparing maps with an objective similarity measure assigned to each map location. The
technique moves map analysis well beyond traditional visual/visceral map interpretation by
transforming digital map values into to a quaaiiite/consistent index of percent similarity. Just
click on a location and up pops a map that shows how similar every other location is to the data
pattern at the comparison paintan unbiased appraisal of similarity.

Author 6 s : Ralate@ discussion and hards exercises are in Topic 7, Spatial Data Mining in the workizouldyzing Geeo
Business Dat#Berry, 2003; available atvww.innovativegis.com/basis/Books/AnalyzingGBdata/
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Get neMagptical o to | dentify

(GeoWorld, October 2008)
(return to top of Topi¢

The last section introduced the concepbData Distanceas a means to measure data pattern
similarity within a stack of map layer©ne simply mouselicks on a location, and all of the

other locations are assigned a similarity value from 0 (zero percent similar) to 100 (identical)
based on a set of specified map layers. The statistic replaces difficult visual interpretation of a
seres of sideby-side map displays with an exact quantitative measure of similarity at each
location.

An extension to the technique allows you to circle an area then compute similarity based on the
typical data pattern within the delineated area. In tistance, the computer calculates the

average value within the area for each map layer to establish the comparison data pattern, and
then determines the normalized data distance for each map location. The result is a map showing
how similar things are thr@hout a project area to the area of interest.

The link betweerGeographic SpacandData Spaces the keystone concept. As shown in

figure 1, spatial data can be viewed as either a map, or a histogram. While a map shows us
fwhereiswhat 0 a hs$ s mmmgrhowofesd fidat a val ues occur (reg
occur). The togeft portion of the figure shows a 2D/3D map display of the relative housing

density within a project area. Note that the areas of high housing Density along the northern

edge generally coincide with low home Values.

Housing Density

Unusually High —

Mean = 3.56

+5tDev = 0.80
4 Level,;, = 4.36

PoEE 8 14

I

Geographic Space Data Space Geographic Space

67.2 = -StDev
189.8 = Level,,,, \_‘\—\\_I‘J”USUEH‘!
Low

257.0 = Mean

FEEEEEEEEREEN
]

Home Value

Figure 1. Identifying areas of unusually high measurements.
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The histogram in the center tbfe figure depicts a different perspective of the data. Rather than
positioning the measurements in geographic space it summarizes the relative frequency of their
occurrence in data space. TheXs of the graph corresponds to thexs of the mad

relaive level of housing Density. In this case, the spikes in the graph indicate measurements that
occur more frequently. Note the relatively high occurrence of density values around 2.6 and 4.7
units per acre. The left portion of the figure identifiesdat range that is unusually high (more

than one standard deviation above the mean; 3.56 + .80 = 4.36 or greater) and mapped onto the
surface as the peak in the NE corner. The lower sequence of graphics in the figure depicts the
histogram and map thatadtify and locate areas of unusually low home values.

Figure 2 illustrates combining the housing Density and Value data to locate areas that have high
measurements in both. The graphic in the center is teri8edtter Plothat depictghe joint
occurrence of both sets of mapped data. Each ball in the scatter plot schematically represents a
location in the field. Its position in the scatter plot identifies the housing Density and home
Value measurements for one of the map locaiob8000 in all for the actual example data set.

The balls shown in the light green shaded areas of the plot identify locations that have high
Densityor low Value; the bright green area in the upper right corner of the plot identifies
locations that have highensityandlow Value.

Housing Density
Level,,, = 4.36 T
Unusua Ity High
|'|_H'| W‘ Housing Density
4f I
% .0 e
=] .
a1 e
B — ° °
e e ° |
R o o o
o i
E = e © @ Unusua Ity High Density
T ; . o and Low Value
— | ° °
ESvy a
Data Space Geographic Space
Figure 2. Identifying joint coincidence in both data and geographic space.

The aligned maps on the right siofefigure 2 show the geographic solution for the high D and

low V areas. A simple mapmaticalway to generate the solution is to assign 1 to all locations

of high Density and Value map layers (green). Zero (grey) is assigned to locations that fail to
meet the conditions. When the two binary maps (0 and1) are multiplied, a zero on either map
computes to zero. Locations that meet the conditions on both maps equate to one (1*1 = 1). In
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effect, sthiceofltexcxdaini que | occidyd pgassign ytotheadata pat t
interval of interest for each map variable in the stack, and then multiply.

Figure 3 depicts level slicing for areas that are unusually low housing Density, high Value and
low Age. In this instance the data pattern cmlance is a box in-8imensional scatter plot

space (upperight corner toward the back). However a slightly different @agaticaltrick was
employed to get the detailed map solution shown in the figure.

On the individual maps, areas of high Densrgre set to D= 1, low Value to V=2 and high Age

to A= 4, then the binary map layers were added together. The result is a range of coincidence
values from zero (0+0+0= 0; gray= no coincidence) to seven (1+2+4=7; dark red for location
meeting all three teria). The map values in between identify the areas meeting other

combinations of the conditions. For example, the dark blue area contains the value 3 indicating

high D and low V but not high A (1+2+0= 3) that represents about three percent of #w proj

area (327/10000= 3.27%). If four or more map layers are combined, the areas of interest are
assigned increasing binar yo thsunmgil avsagsiumqguelyv al ue s
identify all possible combinations of the conditions specified.

Figure 3. Leveklice classification using three map variables.

Whilelevels | i ci ng i sndét a very ssdhehbsefgltessofégheleki cl ass
between Data Space and Geographic Space to identify and then map unique combinations of
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