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Beyond Mapping III 
 

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 ð describes the character of spatial distributions 
through the generation of a customer density surface  
Linking Numeric and Geographic Distributions ð investigates the link between numeric and 
geographic distributions of mapped data  
Myriad Techniques Help to Interpolate Spatial Distributions ð discusses the basic concepts 
underlying spatial interpolation  
Interpreting Interpolation Results (and why it is important) ð describes the use of ñresidual 
analysisò for evaluating spatial interpolation performance  
Use Map Analysis to Characterize Data Groups ð discusses the use of ñdata distanceò to 
derive similarity among the data patterns in a set of map layers 
Get ñMap-ematicalò to Identify Data Zones ð describes the use of ñlevel-slicingò for classifying 
locations with a specified data pattern (data zones) 
Discover the ñMiracleò in Mapping Data Clusters ð describes the use of ñclusteringò to identify 
inherent groupings of similar data patterns   
Can We Really Map the Future? ð describes the use of ñlinear regressionò to develop 
prediction equations relating dependent and independent map variables  
Follow These Steps to Map Potential Sales ð describes an extensive geo-business application 
that combines retail competition analysis and product sales prediction     
The Universal Key for Unlocking GISôs Full Potential ð outlines a global referencing system 
approach compatible with standard DBMS systems 
 

Note: The processing and figures discussed in this topic were derived using MapCalcTM software.  See www.innovativegis.com to 

download a free MapCalc Learner version with tutorial materials for classroom and self-learning map analysis concepts and 

procedures.  
 

<Click here> right-click to download a printer-friendly version of this topic (.pdf). 

 
(Back to the Table of Contents) 

______________________________ 
 

Twisting the Perspective of Map Surfaces  
(GeoWorld, April 2008) 

  (return to top of Topic) 
 

This sectionôs theme grabs some earlier concepts, adds an eye of newt and then a twist of 

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 valleys recording uplift and erosion over thousands of yearsða down to earth 

view of a map surface one can stand on.   

 

However, a geomorphological point of view of a digital elevation model (DEM) isnôt the only 

type of map surface.  For example, a Customer Density Surface can 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; see authorôs note).  Figure 1 summarizes the 

processing steps involvedð1) a customerôs street address is geocoded to identify its Lat/Lon 

coordinates, 2) vector to raster conversion is used to place and aggregate the number of 

customers in each grid cell of an analysis frame (discrete mapped data), 3) a rowing window is 

used to count the total number of customers within a specified radius of each cell (continuous 

mapped data), and then 4) classified into logical ranges of customer density. 

 

 
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. 

 

The important thing to note is that the peaks and valleys characterize the Spatial Distribution of 

the customers, a concept closely akin to a Numerical Distribution that serves as the foundation 

for traditional statistics.  However in this instance, three dimensions are needed to characterize 

the dataôs dispersionðX and Y coordinates to position the data in geographic space and a Z 

coordinate to indicate the relative magnitude of the variable (# of customers).  Traditional 

statistics needs only two dimensionsðX 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 space, as well as in 

numerical variations in magnitudeð from just ñwhatò to ñwhere is what.ò  In this case, it 
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describes the geographic pattern of customer density as peaks (lots of customers nearby) and 

valleys (not many). 

 

Within our historical perspective of mapping the ability to plot ñwhere is whatò is an end in 

itself.  Like Inspector Columboôs crime scene pins poked on a map, the mere visualization of the 

pattern is thought to be sufficient for solving crimes.  However, the volume of sales transactions 

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

Google Earth mashed-up image. 

 

The interaction of numerical and spatial distributions provides fertile turf for a better 

understanding of the mounds of data we inherently 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 of it allðñwhyò and ñso what.ò   

 

 
 

Figure 2.  Merging traditional statistics and map analysis techniques increases understanding of 

spatial patterns and relationships (variance-focused; continuous) beyond the usual central 

tendency (mean-focused; scalar) characterization of geo-business 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 mean (a numerical 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 authorôs note), this simple analysis uses a typical transaction 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 statisticsðan 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 the geo-business 

framework.  The left side of figure 3 depicts the translation of a non-spatial customer database 

into a mapped representation using vector-based processing that determines Lat/Lon coordinates 

for each recordðthe 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 statistically defined pockets of high customer densityðthen map 

analysis component.   

 

 
 

Figure 3.  The column, row index of the grid cells in the analytic frame 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 databaseðthe spatial data 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 

ñwalkingò between the GIS and the database.  For example, the areas of unusually high customer 

density can be appended 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, travel-time to our store, and the like can be 

used in customer segmentation and propensity modeling to identify maps of future sales 

probabilities.  Areas of high probability can be cross-walked to an existing customer database (or 

zip +4 or other generic databases) to identify new sales leads, product mix, stocking levels, 

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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Authorôs Note: Related discussion on Density Surface Analysis is in Topic 6, Summarizing Neighbors in the book Map Analysis 

(Berry, 2007; GeoTec Media, www.geoplace.com/books/MapAnalysis) and Topics 17 and 26 in the online Beyond Mapping III 

compilation (www.innovativegis.com/basis/MapAnalysis). 

 
 

Linking Numeric and Geographic Distributions  
(GeoWorld, June 2008) 

  (return to top of Topic) 
 

The previous section set the stage for discussion 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 the concept of a Grid-based Analysis Frame that serves as a primary key for 

ñwalkingò between a continuous geographic space representation and the individual records in a 

customer database. 

 

It illustrated converting a point map of customer locations into a Customer Density Surface that 

depicts the ñpeaks and valleysò of customer concentrations throughout a city.  While the process 

is analogous to Inspector Columboôs crime scene pins poked on a map, the mere visualization of 

a point pattern is rarely sufficient for solving crimes.  Nor is it adequate for a detailed 

understanding of customer distribution and spatial relationships, such as determining areas of 

statistically high concentrationsðCustomer Pocketsðthat can be used in targeted marketing, 

locating ATMs or sales force allocation.   

 

Another grid-based technique for investigating the customer pattern involves Point Territories 

assignment.  This procedure looks for inherent spatial groups in the point data and assigns 

customers to contiguous areas.  In the example in figure 1, you might want to divide the 

customer locations into ten groups for door-to-door contact on separate days. 

 

 
 

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 pattern into spatially balanced groups.  This initial step was achieved by applying a K-

means clustering algorithm to the latitude and longitude coordinates of the customer locations.  

In effect this procedure maximizes the differences between the groups while minimizing the 

differences within each group.  There are several alternative approaches that could be applied, 

but K-means is an often-used procedure that is available in all statistical packages and a growing 

number of GIS systems. 

 

The final step to assign territories uses a nearest neighbor interpolation algorithm to assign all 

non-customer locations to the nearest customer group.  The result is the customer territories map 

shown on the right.  The partitioning based on customer locations is geographically balanced 

(approximately the same area in each cluster), however it doesnôt consider the number of 

customers within each groupðthat varies from 69 in the lower right (Territory #8) to 252 

(Territory #5) near the upper righté that twist of map analysis will be tackled in a future beyond 

mapping column. 

 

However it does bring up an opportunity to discuss the close relationship between spatial and 

non-spatial statistics.  Most of us are familiar with the old ñbell-curveò for school grades.  You 

know, with lots of Côs, fewer Bôs and Dôs, and a truly select set of Aôs and Fôs.  Its shape is a 

perfect bell, symmetrical about the center with the tails smoothly falling off toward less frequent 

conditions.     

 

 
 

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 the normal distribution (bell-shaped) isnôt as normal (typical) as you might think.  For 

example, Newsweek noted that the average grade at a major ivy-league university isnôt a solid C 

with a few Aôs and Fôs sprinkled about as you might imagine, but an A- with a lot of Aôs trailing 

off to lesser amounts of Bôs, Côs and (heaven forbid) the very rare D or F.    
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The frequency distributions of mapped data also tend toward the ab-normal (formally termed 

asymmetrical).  For example, consider the customer density data shown 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 in the Map View by the 2D 

contour map and 3D surface on the left.  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 

geographic space.  The unique pattern is the result of complex spatial processes determining 

where people live that are driven by a host of factorsðnot spurious, arbitrary, constant or even 

ñnormalò events.  

 

Now turn your attention to the numeric distribution of the data depicted in the right side of the 

figure.  The Data View was generated by simply transferring the grid values in the analysis 

frame to Excel, then applying the Histogram and Descriptive Statistics options of the Data 

Analysis add-in tools.  The map organizes 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 generate the statistics are a piece-of-cake, but the real challenge is to make some sense of it 

all.   

 

Note that the data arenôt distributed as a normal bell-curve, but appear shifted (termed skewed) to 

the left.  The tallest spike and the intervals to its left, match the large expanse of grey values in 

the map viewðfrequently 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 in the 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 space is a good one, and some general 

points ought to be noted.  First, there isnôt a fixed relationship between the two views of the 

dataôs distribution (geographic and numeric).  A myriad of geographic patterns can result in the 

same histogram.  Thatôs because spatial data contains additional informationðwhere, as well as 

whatðand the same data summary of the ñwhatôsò can reflect a multitude of spatial 

arrangements (ñwhereôsò).    

 

But is the reverse true?  Can a given geographic arrangement result in different data views?  

Nope, and itôs this relationship that catapults mapping and geo-query into the arena of mapped 

data analysis.  Traditional analysis techniques assume a functional form for the frequency 

distribution (histogram shape), with the standard normal (bell-shaped) being the most prevalent.   

 

Spatial statistics, the foundation of geo-business applications, doesnôt predispose any geographic 

or numeric functional formsðit simply responds to the inherent patterns and relationships in a 
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data set.  The next several columns will describe some of the surface modeling and spatial data 

mining techniques available to the venturesome few who are willing to work ñoutside the linesò 

of traditional mapping and statistics. 
_____________________________ 

 

Authorôs Note: Related discussion is in Topic 6, Surface Modeling in the workbook Analyzing Geo-Business Data (Berry, 2003; 

available from www.innovativegis.com/basis/Books/AnalyzingGBdata/). 

 

 

Interpolating Spatial Distributions  
(GeoWorld, July 2008) 

  (return to top of Topic) 
 

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

data analysis used non-spatial statistics to identify the ñtypicalò level of sales, housing prices, 

customer income, etc. throughout an entire neighborhood, city or region.  Considerable effort 

was expended to determine the best single estimate and assess just how good the ñaverageò 

estimate was in typifying the extended geographic area. 

 

However non-spatial techniques fail to make use of the geographic patterns inherent in the data 

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

area.  The computed variance (or standard deviation) indicates just how good this assumption 

isðthe larger the standard deviation, the less valid is the assumption ñeverywhere the same.ò  

But no information is provided as to where values might be more or less than the computed 

typical value (average). 

 

 
 

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

localized estimates throughout the sampled area.  Conceptually it ñmaps the varianceò by using 

geographic position to help explain the differences in the sample values.  In practice, it simply 

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

 

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

are relatively easy.  The left side of figure 1 shows 2D and 3D ñpoint mapsò of data samples 

depicting the percentage of home equity loan to market value.  Note that the samples are geo-

referenced and that the sampling pattern and intensity are different than those generally used in 

traditional non-spatial statistics and tend to be more regularly spaced and numerous. 

   

The surface map on the right side of figure 1 translates pattern of the ñspikesò into the peaks and 

valleys of the surface map representing the dataôs spatial distribution.  The traditional, non-

spatial approach when mapped is a flat plane (average everywhere) aligned within the yellow 

zone.  Its ñeverywhere the sameò assumption fails to recognize the patterns of larger levels (reds) 

and smaller levels (greens).  A decision based on the average level (42.88%) 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 point-sampled data into continuous map surfaces representing a spatial 

distribution is termed Surface Modeling involving density analysis and map generalization 

(discussed last month), as well as spatial interpolation techniques.  All spatial interpolation 

techniques establish a "roving window" thatð 
 

¶ moves to a grid location in a project area (analysis frame),  

¶ calculates an estimate based on the point samples around it (roving window),  

¶ assigns the estimate to the center cell of the window, and then 

¶ moves to the next grid location.  

 

The extent of the window (both size and shape) affects 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 affect the window's extent: its reach, the number of samples, balancing.   The 

reach, or search radius, sets a limit on how far the computer will go in collecting data values.  

The number of samples establishes how many data values should be used.  If there is more 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 reach.  Balancing of the data 

attempts to eliminate directional bias by ensuring that the values are selected in all directions 

around window's center.   

 

Once a window is established, one of several summary techniques comes into play.  Inverse 

distance weighted (IDW) is an easy spatial interpolation technique to conceptualize (see figure 

2).  It estimates the value for a location as an average of the data values within its vicinity.  The 
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average is weighted in a manner that decreases the influence of the surrounding sample values as 

the distance increases.  In the figure, the estimate of 53.35 is the "inverse distance-squared (1/D
2
) 

weighted average" of the four samples in the window.  Sample #15 (the closest) influences the 

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

 

 
 

Figure 2.  Inverse distance weighted interpolation weight-averages sample values within a 

roving window. 

 

The right portion of figure 2 contains three-dimensional (3-D) plots of the point sample data and 

the inverse distance-squared surface generated.  The estimated value in the example can be 

conceptualized as "sitting on the surface," 53.35 units above the base (zero).    

 

Figure 3 shows the weighted average calculations for spatially interpolating the example location 

in figure 2.  The Pythagorean Theorem is used to calculate the Distance from the Grid Location 

to each of the data Samples within the summary window.  The distances are converted to 

Weights that are inversely proportional (1/D
2
; see example calculation in the figure).  The sample 

Values are multiplied by their computed Weights and the ñsum of the productsò is divided by the 

ñsum of the weightsò to calculate the weighted average value (53.35) for the location on the 

interpolated surface. 

 

Because the inverse distance procedure is a fixed, geometric-based method, the estimated values 

can never exceed the range of values in the original field data.  Also, IDW tends to "pull-down 

peaks and pull-up valleys" in the data, as well as generate ñbullôs-eyesò around sampled 
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locations.  The technique is best suited for data sets with samples that exhibit minimal regional 

trends. 

 

 
 

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.  Next monthôs column will focus on benchmarking 

interpolation results from different techniques and describe a procedure for assessing which is 

best.   

_____________________________ 
 

Authorôs Note: Related discussion is in Topic 6, Surface Modeling in the workbook Analyzing Geo-Business Data (Berry, 2003; 

available from www.innovativegis.com/basis/Books/AnalyzingGBdata/). 

 

 

Interpreting Interpolation Results (and why it is 
important)  
GeoWorld, August, 2008) 

  (return to top of Topic) 
 

For some, the previous column discussion on generating map surfaces from point data (GW July 

2008) might have been too simplisticðenter a few things then click on a data file and, viola, you 

have a equity loan percentage surface artfully displayed in 3D with a bunch 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.  

This monthôs column discusses the relative amounts of information provided by the non-spatial 

arithmetic average versus site-specific maps by comparing the average and two different 

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

quantitatively assessing interpolation performance. 

 

The top-left inset in figure 1 shows the map of the loan dataôs average. Itôs not very exciting and 

looks like a pancake but thatôs because there isnôt any information about spatial variability in an 

average valueðit assumes 42.88 percent is everywhere.  The non-spatial estimate simply adds 
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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. 

 

 
 

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

 

The spatially-based estimates comprise the map surface just below the pancake.  As described 

last month, Spatial Interpolation looks 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 responded to surrounding 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 the whole-field average 

estimates and the interpolated ones.  The thin yellow 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 larger than the interpolated ones. 

 

The difference between the two maps ranges from ï26.1 to +29.5.  If one assumes that a 

difference of +/- 10 would not significantly alter a decision, then about one-quarter of the area 

(9.3+1.4+11= 21.7%) is adequately represented by the overall average of the sample data.  But 

that leaves about three-fourths of the area that is either well-below 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 

techniquesðIDW (inverse distance weighted) and Krigging (an advanced spatial statistics 
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technique using data trends).  Note the similarity in the two surfaces; while subtle differences are 

visible, the overall trend of the spatial distribution is similar. 

 

 
 

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 (within +/- 1.0).  The light red 

locations 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 decision-making, the maps are effectively the same (99.0%). 

 

So whatôs the bottom line?  First, that there are substantial differences between an arithmetic 

average and interpolated surfaces.  Secondly, that quibbling about the best interpolation 

technique isnôt as important as using any interpolated surface for decision-making.   

 

But which surface best characterizes the spatial distribution of the sampled data?  The answer to 

this question lies in Residual Analysisða technique that investigates the differences between 

estimated and measured values 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 depicts the assumption that the project area average (42.88) 

represents each of the test locations.  Column D computes the difference of the ñestimate minus 

actualòðformally termed the residual.  For example, the first test point (ID#1) estimated the 
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average of 42.88 but was actually measured as 55.2, so -12.32 is the residual (42.88 - 55.20= -

12.32) équite a bit off.  However, point #6 is a lot better (42.88-49.40= -6.52).   

 

 
 

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 similarðwhen one is off, so is the other and usually by about 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 results.  The Residual Sum 

characterizes any bias in the estimatesða negative value indicates a tendency to underestimate 

with the magnitude of the value indicating how much.  The ï20.54 value for the whole-field 

average indicates a relatively strong bias to underestimate. 

 

The Average Error reports how typically far off the 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 decision-making, it is apparent 

that 1) the project area average is inappropriate and that 2) the accuracy differences between 

IDW and Krig are very minor.     

 

The Normalized Error simply calculates the average error as a proportion of the average value 

for the test set of samples (1.73/44.59= 0.04 for IDW).  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 whatôs the bottom-bottom line?  That Residual Analysis is an important component of 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 and decisions derived 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 wishful thinking with colorful maps. 
_____________________________ 

 

Authorôs Note: Related discussion and hands-on exercises are in Topic 6, Surface Modeling in the workbook Analyzing Geo-

Business Data (Berry, 2003; available at www.innovativegis.com/basis/Books/AnalyzingGBdata/). 

 

 

Use Map Analysis to Characterize Data Groups  
(GeoWorld, September 2008) 

  (return to top of Topic) 
 

One of the most fundamental techniques in map analysis is the comparison of a set of maps.  

This usually involves staring at some side-by-side map displays and formulating an impression 

about how the colorful patterns do and donôt appear to align.     

 

 
 

Figure 1.  Map surfaces identifying the spatial distribution of housing density, value and age. 

 

Topic28_files/image026.png


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

Page  16  

But just how similar is one location to another?  Really similar, or just a little bit similar?  And 

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 Geo-business applications. 

 

Consider the three maps shown in figure 1ð 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 questions are far too 

complex for visual analysis and certainly beyond the geo-query 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 visual analysis 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 low Ageð low, high, low.  

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

 

The difficulty in visual analysis is two-foldð remembering the color patterns and calculating the 

difference.  Quantitative map analysis does the same thing except it uses the actual map values in 

place of discrete color bands.  In addition, the computer doesnôt tire as easily as you and 

completes the comparison throughout an entire map window in a second or two (10,000 grid 

cells in this example). 

 

The upper-left portion of figure 2 illustrates capturing the data patterns for comparing two map 

locations.  The ñdata spearò at Point #1 identifies the housing Density as 2.4 units/ac, Value as 

$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 51.2 yearsð or as your eye 

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

 

The right side of the figure schematically depicts how the computer determines similarity in the 

data patterns by analyzing them in three-dimensional ñdata space.ò  Similar data patterns plot 

close to one another with increasing distance indicating decreasing similarity.  The realization 

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 space uses earth coordinates, such as latitude 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 form.  Data space, on the other hand, is a bit less familiar.  While 

you canôt stroll through data space you can conceptualize it as a box with a bunch of balls 

floating within it.   
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Figure 2.  Conceptually linking geographic space and data space. 

 

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 

geographic spaceðone ñfloating ballò (data point) for each grid cell.  The data values locating 

the balls extend from the data axesð2.4, 407.0 and 18.3 for the comparison point identified 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 position of a point in data space identifies its 

numerical patternðlow, low, low in the back-left corner, and high, high, high in the upper-right 

corner of the box.  Points that plot in data space close to each other are similar; those that plot 

farther away are less similar.  Data distance is the way computers ñseeò what you see in the map 

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

tireless computer ñseesò extremely subtle differences between all of the data points and can 

generate a detailed map of similarity. 

 

In the example in figure 2, the floating ball closest to you is least similarðgreatest ñdata 

distanceò from the comparison point.  This distance becomes the reference for ñmost differentò 

and sets the bottom 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 0 equating 

to the highest similarity value (100% similar). 
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Figure 3.  A similarity map identifies how related locations are to a given point. 

 

The similarity map shown in figure 3 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 locationðwith 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.  The light-green 

to red tones indicate increasingly dissimilar areas occurring in the northern 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 to even 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 figure 3ð how 

different depends on the unique coincidence and weighting of the data patterns themselves.  

 

In effect, a similarity map replaces a lot of general impressions and subjective 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 quantitative/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 pointð an unbiased appraisal of similarity.  
_____________________________ 

 

Authorôs Note: Related discussion and hands-on exercises are in Topic 7, Spatial Data Mining in the workbook Analyzing Geo-

Business Data (Berry, 2003; available at www.innovativegis.com/basis/Books/AnalyzingGBdata/). 
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Get ñMap-ematicalò to Identify Data Zones   
(GeoWorld, October 2008) 

  (return to top of Topic) 
 

The last section introduced the concept of Data Distance as a means to measure data pattern 

similarity within a stack of map layers.  One simply mouse-clicks 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 

series of side-by-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 this instance, 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 throughout a project area to the area of interest.  

 

The link between Geographic Space and Data Space is 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 

ñwhere is what,ò a histogram summarizes ñhow oftenò data values occur (regardless where they 

occur).  The top-left 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.   
 

 
 

Figure 1.  Identifying areas of unusually high measurements. 
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The histogram in the center of the 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.  The X-axis of the graph corresponds to the Z-axis of the mapð

relative 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 identifies the data 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 that identify 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 termed a Scatter Plot that depicts the 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 locationsð10,000 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 

Density or low Value; the bright green area in the upper right corner of the plot identifies 

locations that have high Density and low Value. 

 

 
 

Figure 2.  Identifying joint coincidence in both data and geographic space. 

 

The aligned maps on the right side of figure 2 show the geographic solution for the high D and 

low V areas.  A simple map-ematical way 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 

Topic28_files/image034.png


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

Page  21  

effect, this ñlevel-sliceò technique locates any data pattern you specifyðjust assign 1 to the data 

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 coincidence is a box in 3-dimensional scatter plot 

space (upper-right corner toward the back).  However a slightly different map-ematical trick was 

employed to get the detailed map solution shown in the figure.   

 

On the individual maps, areas of high Density were 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 criteria).  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 the project 

area (327/10000= 3.27%).  If four or more map layers are combined, the areas of interest are 

assigned increasing binary progression values (é8, 16, 32, etc)ðthe sum will always uniquely 

identify all possible combinations of the conditions specified. 

 

 
  

Figure 3.  Level-slice classification using three map variables. 

 

While level-slicing isnôt a very sophisticated classifier, it illustrates the usefulness of the link 

between Data Space and Geographic Space to identify and then map unique combinations of 

Topic28_files/image036.png

























