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ObjectivesObjectives

I t d b i bj ti t i l d l i t t iI t d b i bj ti t i l d l i t t i• Introduce basic objectives, terminology, and analysis strategies.Introduce basic objectives, terminology, and analysis strategies.

•• Demonstrate the utility of OLS and GWR regression analysis.Demonstrate the utility of OLS and GWR regression analysis.

•• Outline the challenges of regression for spatial dataOutline the challenges of regression for spatial dataOutline the challenges of regression for spatial data.Outline the challenges of regression for spatial data.

•• Present regression analysis diagnostics.Present regression analysis diagnostics.

•• Provide strategies to help navigate and interpret regression results.Provide strategies to help navigate and interpret regression results.

•• Highlight resources for learning more about regression analysis.Highlight resources for learning more about regression analysis.

DEMODEMODEMODEMO
•• Why are people dying young in South Dakota?Why are people dying young in South Dakota?
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New licensing for OLS at 9.3.1New licensing for OLS at 9.3.1

•• 9.3 licensing9.3 licensing
–– All tools in the spatial statistics toolbox are core functionality.All tools in the spatial statistics toolbox are core functionality.

Almost all tools are available with ANY license except:Almost all tools are available with ANY license except:–– Almost all tools are available with ANY license, except:Almost all tools are available with ANY license, except:
•• Generate Network Spatial Weights requires Network Analyst licenseGenerate Network Spatial Weights requires Network Analyst license
•• Polygon contiguity options are only available with an ArcINFO licensePolygon contiguity options are only available with an ArcINFO license
•• OLS and GWR require ArcINFO or a license for either the Spatial Analyst orOLS and GWR require ArcINFO or a license for either the Spatial Analyst or•• OLS and GWR require ArcINFO or a license for either the Spatial Analyst or OLS and GWR require ArcINFO or a license for either the Spatial Analyst or 

Geostatistical Analyst ExtensionsGeostatistical Analyst Extensions
–– Licensed script tools are delivered with their Python source codeLicensed script tools are delivered with their Python source code

•• 9.3.1 licensing9.3.1 licensing
–– Same as above, but OLS (and Same as above, but OLS (and , (, (

its source code) are available its source code) are available 
with ANY license.with ANY license.
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Demo:Demo:
Context for AnalysisContext for Analysis
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Regression analysis Regression analysis 

•• Regression analysis allows you to:Regression analysis allows you to:
–– Model examine and explore spatial relationshipsModel examine and explore spatial relationships–– Model, examine, and explore spatial relationshipsModel, examine, and explore spatial relationships
–– Better understand the factors behind observed spatial patternsBetter understand the factors behind observed spatial patterns
–– Predict outcomes based on that understandingPredict outcomes based on that understanding

Ordinary Least Square 
(OLS)

Geographically Weighted Regression
(GWR)(OLS) (GWR)

60

80

100

Observed Values 
Predicted Values 

20 40 60 80 1000

20

0

40

40 60 80 1000

66



What’s the big deal?What’s the big deal?

•• Pattern analysis (without regression):Pattern analysis (without regression):
–– Are there places where people persistently die young?Are there places where people persistently die young?

Wh t t i t tl hi h?Wh t t i t tl hi h?–– Where are test scores consistently high?Where are test scores consistently high?
–– Where are 911 emergency call hot spots?Where are 911 emergency call hot spots?
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What’s the big deal?What’s the big deal?

•• Pattern analysis (without regression):Pattern analysis (without regression):
–– Are there places where people persistently die young?Are there places where people persistently die young?

Wh t t i t tl hi h?Wh t t i t tl hi h?–– Where are test scores consistently high?Where are test scores consistently high?
–– Where are 911 emergency call hot spots?Where are 911 emergency call hot spots?

R i l iR i l i•• Regression analysis:Regression analysis:
–– WhyWhy are people persistently dying young?are people persistently dying young?
–– What factors What factors contribute to consistently high test scores?contribute to consistently high test scores?
–– Which variables Which variables effectively predict 911 emergency call volumes?effectively predict 911 emergency call volumes?
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Why use regression?Why use regression?

•• Understand key factorsUnderstand key factors
What are the most important habitatWhat are the most important habitat–– What are the most important habitatWhat are the most important habitat
characteristics for an endangered bird?  characteristics for an endangered bird?  
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Why use regression?Why use regression?

•• Understand key factorsUnderstand key factors
What are the most important habitatWhat are the most important habitat–– What are the most important habitatWhat are the most important habitat
characteristics for an endangered bird?  characteristics for an endangered bird?  

•• Predict unknown valuesPredict unknown values
–– How much rainfall will occur in aHow much rainfall will occur in a

given location?given location?given location?given location?
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Why use regression?Why use regression?

•• Understand key factorsUnderstand key factors
What are the most important habitatWhat are the most important habitat–– What are the most important habitatWhat are the most important habitat
characteristics for an endangered bird?  characteristics for an endangered bird?  

•• Predict unknown valuesPredict unknown values
–– How much rainfall will occur in aHow much rainfall will occur in a

given location?given location?given location?given location?

T t h thT t h th•• Test hypothesesTest hypotheses
–– “Broken Window” Theory: Is there a“Broken Window” Theory: Is there a

positive relationship between vandalismpositive relationship between vandalism
d id ti l b l ?d id ti l b l ?and residential burglary?and residential burglary?
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ApplicationsApplications

•• EducationEducation
–– Why are literacy rates so low inWhy are literacy rates so low in

particular regions?particular regions?

•• Natural resource managementNatural resource management
–– What are the key variables thatWhat are the key variables thatyy

explain high forest fire frequency?explain high forest fire frequency?

•• EcologyEcology
Which environments should beWhich environments should be–– Which environments should beWhich environments should be
protected, to encourageprotected, to encourage
reintroduction of an endangeredreintroduction of an endangered
species?species?pp

•• TransportationTransportation
–– What demographic characteristics contribute toWhat demographic characteristics contribute to

high rates of public transportation usage?high rates of public transportation usage?high rates of public transportation usage?high rates of public transportation usage?

•• Many more…Many more…
–– Business, crime prevention, epidemiology,Business, crime prevention, epidemiology,

finances p blic safet p blic healthfinances p blic safet p blic healthfinances, public safety, public healthfinances, public safety, public health



Regression analysis terms and conceptsRegression analysis terms and concepts

Residential Burglary
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Regression analysis terms and conceptsRegression analysis terms and concepts

Vandalism

Income

Residential Burglary

Income

Number of households
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Regression analysis terms and conceptsRegression analysis terms and concepts
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Regression analysis terms and conceptsRegression analysis terms and concepts

•• Dependent variable Dependent variable (Y): What you are trying to model or predict (e.g., (Y): What you are trying to model or predict (e.g., 
residential burglary).residential burglary).
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Regression analysis terms and conceptsRegression analysis terms and concepts

•• Dependent variable Dependent variable (Y): What you are trying to model or predict (e.g., (Y): What you are trying to model or predict (e.g., 
residential burglary).residential burglary).

•• Explanatory variables Explanatory variables (X): Variables you believe cause or explain the (X): Variables you believe cause or explain the 
dependent variable (e.g., income, vandalism, number of households).dependent variable (e.g., income, vandalism, number of households).
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Regression analysis terms and conceptsRegression analysis terms and concepts

•• Dependent variable Dependent variable (Y): What you are trying to model or predict (e.g., (Y): What you are trying to model or predict (e.g., 
residential burglary).residential burglary).

•• Explanatory variables Explanatory variables (X): Variables you believe cause or explain the (X): Variables you believe cause or explain the 
dependent variable (e.g., income, vandalism, number of households).dependent variable (e.g., income, vandalism, number of households).

•• CoefficientsCoefficients ((ββ): Values computed by the regression tool reflecting the): Values computed by the regression tool reflecting the•• Coefficients Coefficients ((ββ): Values, computed by the regression tool, reflecting the ): Values, computed by the regression tool, reflecting the 
relationship between explanatory variables and the dependent relationship between explanatory variables and the dependent 
variable.variable.
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Regression analysis terms and conceptsRegression analysis terms and concepts

•• Dependent variable Dependent variable (Y): What you are trying to model or predict (e.g., (Y): What you are trying to model or predict (e.g., 
residential burglary).residential burglary).

•• Explanatory variables Explanatory variables (X): Variables you believe cause or explain the (X): Variables you believe cause or explain the 
dependent variable (e.g., income, vandalism, number of households).dependent variable (e.g., income, vandalism, number of households).

•• CoefficientsCoefficients ((ββ): Values computed by the regression tool reflecting the): Values computed by the regression tool reflecting the•• Coefficients Coefficients ((ββ): Values, computed by the regression tool, reflecting the ): Values, computed by the regression tool, reflecting the 
relationship between explanatory variables and the dependent variable.relationship between explanatory variables and the dependent variable.

•• ResidualsResiduals ((εε): The portion of the dependent variable that isn’t explained ): The portion of the dependent variable that isn’t explained 
by the model; the model underby the model; the model under-- and overand over--predictions.predictions.
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Regression model coefficientsRegression model coefficients
•• Coefficient sign (+/Coefficient sign (+/--) and magnitude reflect each explanatory ) and magnitude reflect each explanatory 

variable’s relationship to the dependent variablevariable’s relationship to the dependent variable



Regression model coefficientsRegression model coefficients
•• Coefficient sign (+/Coefficient sign (+/--) and magnitude reflect each explanatory ) and magnitude reflect each explanatory 

variable’s relationship to the dependent variablevariable’s relationship to the dependent variable

Intercept           1.625506
INCOME -0.000030
VANDALISM 0 133712

The asterisk * indicates
the explanatory variableVANDALISM 0.133712

HOUSEHOLDS 0.012425
LOWER CITY 0.136569

the explanatory variable
is statistically significant



Building a Building a 
i d li d lregression model: regression model: 

OLSOLSOLSOLS
Ordinary Least Squares RegressionOrdinary Least Squares RegressionOrdinary Least Squares RegressionOrdinary Least Squares Regression

Copyright © ESRI. All rights reserved.
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Building a global OLS regression modelBuilding a global OLS regression model

1.1. Choose your dependent variable (Y).Choose your dependent variable (Y).
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Building a global OLS regression modelBuilding a global OLS regression model

1.1. Choose your dependent variable (Y).Choose your dependent variable (Y).
2.2. Identify potential explanatory variables (X).Identify potential explanatory variables (X).
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Building a global OLS regression modelBuilding a global OLS regression model

1.1. Choose your dependent variable (Y).Choose your dependent variable (Y).
2.2. Identify potential explanatory variables (X).Identify potential explanatory variables (X).
3.3. Explore those explanatory variables.Explore those explanatory variables.
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Building a global OLS regression modelBuilding a global OLS regression model

1.1. Choose your dependent variable (Y).Choose your dependent variable (Y).
2.2. Identify potential explanatory variables (X).Identify potential explanatory variables (X).
3.3. Explore those explanatory variables.Explore those explanatory variables.
44 Run OLS regression with different combinations ofRun OLS regression with different combinations of4.4. Run OLS regression with different combinations of Run OLS regression with different combinations of 

explanatory variables, until you find a properly specified explanatory variables, until you find a properly specified 
model.model.
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Building a global OLS regression modelBuilding a global OLS regression model

1.1. Choose your dependent variable (Y).Choose your dependent variable (Y).
2.2. Identify potential explanatory variables (X).Identify potential explanatory variables (X).
3.3. Explore those explanatory variables.Explore those explanatory variables.
44 Run OLS regression with different combinations ofRun OLS regression with different combinations of4.4. Run OLS regression with different combinations of Run OLS regression with different combinations of 

explanatory variables, until you find a properly specified explanatory variables, until you find a properly specified 
model.model.

How do we know we have a properly specified model?How do we know we have a properly specified model?

… good question!  Let’s talk about that.
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Regression analysis outputRegression analysis output

Adjusted R-Squared [2]:                           0.37407
Akaike’s Information Criterion (AIC) [2]:    5813.121



DDDemoDemo
OLS RegressionOLS RegressionOLS RegressionOLS Regression

Copyright © ESRI. All rights reserved.
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Why are people dying young in South Dakota?Why are people dying young in South Dakota?



Use OLS to test hypothesesUse OLS to test hypotheses

Why are people dying
young in South Dakota?  

Do economic factorsDo economic factors 
explain this spatial pattern?

3030



Use OLS to test hypothesesUse OLS to test hypotheses

Why are people dying
young in South Dakota?  

Do economic factorsDo economic factors 
explain this spatial pattern?

P t t l i 66% f th i ti i th f d thPoverty rates explain 66% of the variation in the average age of death 
dependent variable:  Adjusted R-Squared [2]:    0.659

fHowever, significant spatial autocorrelation among model residuals 
indicates important explanatory variables are missing from the model.
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Build a multivariate regression modelBuild a multivariate regression model
E l i bl l i hi i hE l i bl l i hi i h ll ii•• Explore variable relationships using the Explore variable relationships using the scatterplotscatterplot matrixmatrix

•• Consult theory and field expertsConsult theory and field experts
•• Look for spatial variablesLook for spatial variables•• Look for spatial variablesLook for spatial variables
•• Run OLS (this is an iterative, often tedious, trial and error, Run OLS (this is an iterative, often tedious, trial and error, 

process)process)
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Check OLS results Check OLS results 
1 Coefficients have the expected sign.Coefficients have the expected sign.

2 No redundancy among model explanatory variables.No redundancy among model explanatory variables.

3 Coefficients are statistically significant.Coefficients are statistically significant.

4 Residuals are normally distributed.Residuals are normally distributed.

5 St Adj t d RSt Adj t d R S lS l5 Strong Adjusted RStrong Adjusted R--Square value.Square value.

6 Residuals are not spatially Residuals are not spatially autocorrelatedautocorrelated..



Online help is … helpful! Online help is … helpful! 



Coefficient significanceCoefficient significance

•• Look for statistically significant explanatory variables.Look for statistically significant explanatory variables.

* Statistically significant at the 0.05 level.
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Coefficient significanceCoefficient significance

Probabilit Robust Prob

•• Look for statistically significant explanatory variables.Look for statistically significant explanatory variables.
Probability
0.000000*
0.000000*
0.000000*

Robust_Prob
0.000000*
0.000000*
0.000011*0.000000

0.000172*
0.017044*
0.000134*  

0.000011
0.000732*
0.025148*
0.000692* * Statistically significant at the 0.05 level.

Koenker(BP) Statistic [5]: 38.994033  Prob(>chi-squared), (5) degrees of freedom: 0.000626*



MulticollinearityMulticollinearity

•• Find a set of explanatory variables that have low VIF values.Find a set of explanatory variables that have low VIF values.
I d l h l i bl diffI d l h l i bl diff•• In a strong model, each explanatory variable gets at a different In a strong model, each explanatory variable gets at a different 
facet of the dependent variable.facet of the dependent variable.

What did one regression coefficient say to the other regression coefficient?   What did one regression coefficient say to the other regression coefficient?   g y gg y g
…I’m partial to you…I’m partial to you!!

VIF
--------------
2.351229
1.556498
1.051207
1 4003581.400358
3.232363[1] Large VIF (> 7.5, for example) indicates explanatory variable redundancy.
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Model performanceModel performance

•• Compare models by looking for the lowest AIC value.Compare models by looking for the lowest AIC value.
–– As long as the dependent variable remains fixed the AIC value forAs long as the dependent variable remains fixed the AIC value for–– As long as the dependent variable remains fixed, the AIC value for As long as the dependent variable remains fixed, the AIC value for 

different OLS/GWR models are comparabledifferent OLS/GWR models are comparable
•• Look for a model with a high Adjusted RLook for a model with a high Adjusted R--Squared value.Squared value.

[2] Measure of model fit/performance[2] Measure of model fit/performance.

Akaike’s Information Criterion (AIC) [2]:   524.9762
Adjusted R-Squared [2]:                              0.864823



Model biasModel bias

•• When the When the JarqueJarque--BeraBera test is statistically significant:test is statistically significant:
–– The model is biasedThe model is biased
–– Results are Results are notnot reliablereliable
–– Often indicates that a key variable is missing from the modelOften indicates that a key variable is missing from the model

[6] Significant p-value indicates residuals deviate from a normal distribution. 

Jarque-Bera Statistic [6]:     4.207198       Prob(>chi-sq),    (2) degrees of freedom:     0.122017
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Spatial AutocorrelationSpatial Autocorrelation

Statistically significant clustering of 
under and over predictions.

Random spatial pattern of under
and over predictions.
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How regression models go bad…How regression models go bad…
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Check OLS results Check OLS results 
1 Coefficients have the expected sign.Coefficients have the expected sign.

2 No redundancy among model explanatory variables.No redundancy among model explanatory variables.

3 Coefficients are statistically significant.Coefficients are statistically significant.

4 Residuals are normally distributed.Residuals are normally distributed.

5 St Adj t d RSt Adj t d R S lS l5 Strong Adjusted RStrong Adjusted R--Square value.Square value.

6 Residuals are not spatially Residuals are not spatially autocorrelatedautocorrelated..



Exploring spatial variation: Exploring spatial variation: p g pp g p
GWRGWR

Geographically Weighted RegressionGeographically Weighted RegressionGeographically Weighted RegressionGeographically Weighted Regression

Copyright © ESRI. All rights reserved.



Global vs. local regression modelsGlobal vs. local regression models

•• OLSOLS
–– Global regression modelGlobal regression model
–– One equation, calibrated using data from all featuresOne equation, calibrated using data from all features
–– Relationships are fixedRelationships are fixed

4444



Global vs. local regression modelsGlobal vs. local regression models

•• OLSOLS
–– Global regression modelGlobal regression model
–– One equation, calibrated using data from all featuresOne equation, calibrated using data from all features
–– Relationships are fixedRelationships are fixed

•• GWRGWRGWRGWR
–– Local regression modelLocal regression model
–– One equation for every feature, calibrated using data from nearby One equation for every feature, calibrated using data from nearby 

featuresfeaturesfeaturesfeatures
–– Relationships are allowed to vary across the study areaRelationships are allowed to vary across the study area

For each explanatory variable,
GWR creates a coefficient surface

showing you where
relationships are strongest.p g
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Demo GWRDemo GWRDemo GWRDemo GWR

Exploring regional variationExploring regional variation

Copyright © ESRI. All rights reserved.
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Running GWRRunning GWR

•• GWR is a local spatial regression GWR is a local spatial regression 
modelmodelmodelmodel

–– Modeled relationships are allowed to Modeled relationships are allowed to 
vary vary 

•• GWR variables are the same as GWR variables are the same as 
OLS, except:OLS, except:

–– Do not include spatial regime Do not include spatial regime 
(dummy) (dummy) variablesvariables

–– Do not include variables with little Do not include variables with little 
value variationvalue variation



Defining Defining locallocal

•• GWR constructs an equation forGWR constructs an equation for
each featureeach feature
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Defining Defining locallocal

•• GWR constructs an equation forGWR constructs an equation for
each featureeach feature

•• Coefficients are estimated usingCoefficients are estimated using
nearby feature valuesnearby feature values
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Defining Defining locallocal

•• GWR constructs an equation forGWR constructs an equation for
each featureeach feature

•• Coefficients are estimated usingCoefficients are estimated using
nearby feature valuesnearby feature values
GWR requires a definition forGWR requires a definition for nearbynearby•• GWR requires a definition for GWR requires a definition for nearbynearby
–– Kernel typeKernel type

•• Fixed: Fixed: NearbyNearby is determined by a fixedis determined by a fixed
di t b ddi t b ddistance banddistance band

•• Adaptive: Adaptive: NearbyNearby is determined by a fixedis determined by a fixed
number of neighborsnumber of neighbors
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Defining Defining locallocal

•• GWR constructs an equation forGWR constructs an equation for
each featureeach feature

•• Coefficients are estimated usingCoefficients are estimated using
nearby feature valuesnearby feature values
GWR i d fi iti fGWR i d fi iti f bb•• GWR requires a definition for GWR requires a definition for nearbynearby
–– Kernel typeKernel type

•• Fixed: Fixed: NearbyNearby is determined by a fixedis determined by a fixed
di t b ddi t b ddistance banddistance band

•• Adaptive: Adaptive: NearbyNearby is determined by a fixedis determined by a fixed
number of neighborsnumber of neighbors

B d idth th dB d idth th d–– Bandwidth methodBandwidth method
•• AIC or Cross Validation (CV): GWR willAIC or Cross Validation (CV): GWR will

find the optimal distance or optimalfind the optimal distance or optimal
number of neighborsnumber of neighborsnumber of neighborsnumber of neighbors

•• Bandwidth parameter: UserBandwidth parameter: User--providedprovided
distance or userdistance or user--provided number ofprovided number of
neighborsneighborsneighborsneighbors
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Interpreting GWR resultsInterpreting GWR results

•• Compare GWR R2 and AICCompare GWR R2 and AIC
values to OLS R2 and AIC valuesvalues to OLS R2 and AIC values

–– The better model has a lower AICThe better model has a lower AIC
and a high R2.and a high R2.
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Interpreting GWR resultsInterpreting GWR results

•• Compare GWR R2 and AICCompare GWR R2 and AIC
values to OLS R2 and AIC valuesvalues to OLS R2 and AIC values

–– The better model has a lower AICThe better model has a lower AIC
and a high R2.and a high R2.

•• Residual maps show modelResidual maps show modelResidual maps show modelResidual maps show model
underunder-- and overand over--predictions.predictions.
They shouldn’t be clustered.They shouldn’t be clustered.
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Interpreting GWR resultsInterpreting GWR results

•• Compare GWR R2 and AICCompare GWR R2 and AIC
values to OLS R2 and AIC valuesvalues to OLS R2 and AIC values

–– The better model has a lower AICThe better model has a lower AIC
and a high R2.and a high R2.

•• Residual maps show modelResidual maps show modelResidual maps show modelResidual maps show model
underunder-- and overand over--predictions.predictions.
They shouldn’t be clustered.They shouldn’t be clustered.
C ffi i t h hC ffi i t h h•• Coefficient maps show howCoefficient maps show how
modeled relationships varymodeled relationships vary
across the study area.across the study area.
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Interpreting GWR resultsInterpreting GWR results

•• Compare GWR R2 and AICCompare GWR R2 and AIC
values to OLS R2 and AIC valuesvalues to OLS R2 and AIC values

–– The better model has a lower AICThe better model has a lower AIC
and a high R2.and a high R2.

•• Residual maps show modelResidual maps show modelResidual maps show modelResidual maps show model
underunder-- and overand over--predictions.predictions.
They shouldn’t be clustered.They shouldn’t be clustered.
C ffi i t h hC ffi i t h h•• Coefficient maps show howCoefficient maps show how
modeled relationships varymodeled relationships vary
across the study area.across the study area.

•• Model predictions, residuals,Model predictions, residuals,
standard errors, coefficients,standard errors, coefficients,
and condition numbers areand condition numbers are
written to the output featurewritten to the output feature
class.class.

•• Check condition numbers: > 30Check condition numbers: > 30•• Check condition numbers: > 30 Check condition numbers: > 30 
indicates a less reliable resultindicates a less reliable result
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GWR predictionGWR prediction

Observed

Modeled

Predicted



GWR predictionGWR prediction
Calibrate the GWR model using known 
values for the dependent variable and all 
of the explanatory variables.

Observed

Modeled

Predicted



GWR predictionGWR prediction
Calibrate the GWR model using known 
values for the dependent variable and all 
of the explanatory variables.

Observed

Modeled

Predicted

Provide a feature class of prediction 
locations containing values for all of the 
explanatory variables. 



GWR predictionGWR prediction
Calibrate the GWR model using known 
values for the dependent variable and all 
of the explanatory variables.

Observed

Modeled

Predicted

Provide a feature class of prediction 
locations containing values for all of the 
explanatory variables. 

GWR will create an output feature class 
with the computed predictions.



Resources for learning moreResources for learning more……

•• Regression Analysis Tutorial:Regression Analysis Tutorial:
http://resources.esri.com/geoprocessing/http://resources.esri.com/geoprocessing/

•• InstructorInstructor--Led Training:Led Training:
Performing Analysis with ArcGIS DesktopPerforming Analysis with ArcGIS Desktop

•• Virtual campus free web seminarVirtual campus free web seminar: : 
Regression Analysis Basics in ArcGIS 9.3Regression Analysis Basics in ArcGIS 9.3

•• The ESRI Guide to GIS AnalysisThe ESRI Guide to GIS Analysis, Vol. 2, Vol. 2

GG•• Geographically Weighted RegressionGeographically Weighted Regression, , by Fotheringham, Brundson, and Charltonby Fotheringham, Brundson, and Charlton

•• ArcGIS 9.3/9.3.1 Web Help:ArcGIS 9.3/9.3.1 Web Help:pp
––Regression Analysis BasicsRegression Analysis Basics
––Interpreting OLS ResultsInterpreting OLS Results
––Interpreting GWR ResultsInterpreting GWR Results

•• GP Resource CenterGP Resource Center
60606060



QUESTIONS?QUESTIONS?

LRosenshein@ESRI.comLRosenshein@ESRI.com

61616161


