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Objectives
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Demonstrate the utility of OLS and GWR regression analysis.

Outline the challenges of regression for spatial data.

Highlight resources for learning more about regression analysis.

DEMO
- Why are people dying young in South Dakota?




New licensing for OLS at 9.3.1

« 9.3 licensing
— All tools in the spatial statistics toolbox are core functionality.

— —Almost all tools are available with ANY license, except-
» Generate Network Spatial Weights requires Network Analyst license
* Polygon contiguity options are only available with an ArcINFO license

« OLS and GWR require ArcINFO or alicense for either the Spatial Analyst or
Geostatistical Analyst Extensions

— Licensed ipt tools are delivered with their Python source code

e @ BAE & T

« 9.3.1 licensing

ame as apove, put G anc
its source code) are available
with ANY license.







Regression analysis

* Regression analysis allows you to:
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— Better understand the factors behind observed spatial patterns
— Predict outcomes based on that understanding

Ordinary Least Square Geographically Weighted Regression

|
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What's the big deal?

« Pattern analysis (without regression):
— Are there places where people persistently die young?
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—Where are 911 emergency call hot spots?

Respnnea SHations

MM 0 the HOT SPOTS?




What's the big deal?

» Pattern analysis (without regression):
— Are there places where people persistently die young?
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—Where are 911 emergency call hot spots?

How chnss are tha
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M 0 the HOT SPOTS?
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* Regression analysis:
— Why are people persistently dying young?




Why use regression?

« Understand key factors

characteristics for an'endangered bird?




Why use regression?

 Predict unknown values

given location?




Why use regression?

 Understand key factors
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characteristics for an endangered bird?

 Predict unknown values
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given location?

* Test hypotheses

—“Broken Window” Theory: Is there a
positive relationship between vandalism
and residential burglary?
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Applications

* Education
—Why are literacy rates so low in
particular regions

* Natural resource management
—What are the key variables that
explain high forest fire frequency?
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— Which environments should be

protected, to encourage

reintroduction of an endangered
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e Transportation

—What demographic characteristics contribute to
high rates of public transportation usage?

 Many more...
— Business, crime prevention, epidemiology,
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Regression analysis terms and concepts

Residential Burglary




Regression analysis terms and concepts

Vandalism

Residential Burglary

Number of households
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Regression analysis terms and concepts




Regression analysis terms and concepts
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residential burglary).




Regression analysis terms and concepts

residential burglary).

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

residential burglary).

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

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

residential burglary).

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

 Coefficients (B): Values, computed by the regression tool, reflecting the
relationship between explanatory variables and the dependent variable.
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by the model; the model under- and over-predictions.
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Regression model coefficients

« Coefficient sign (+/-) and magnitude reflect each explanatory
variable’s relationship to the dependent variable

Strong Na

Negative ; )
Relationship | Relationship

Summary of QL3 Results
Variabhle Coefficient 3tdError t-3tatistic Probability Bobust 3E Robust t© Bobust Pr vV
Intercept 1.625506 0.132184 12.297312 0.141594 11.455314 o
INCOME -9.714560 -10.,200131
VANDALIZM O0.13 2 g 17.103675 10.151417
HOUSEHOLD O0.0124:25 O.001213 245426 0.002155 5.7649:24
LOWERCITY 0.136569 O.122861 1.111567 ' 0.11z258858 1.z209771




Regression model coefficients

« Coefficient sign (+/-) and magnitude reflect each explanatory
variable’s relationship to the dependent variable

Strong

Moy

Negative " )
Relationship | Relationship

Intercept 1.625506 |8
INCOME -0.000030 The asterisk * indicates

VANDALISM 0.133712 the explanatory variable
HOUSEHOLDS 0.012425 Is statistically significant
LOWER CITY 0.136569

Coefficient 3tdError t Fobust 3E REobhust t©
Intercept 1.625506 0.132154 1Z.29 0.141594 11.455814
INCOHME 9.714560 -10.,200131
VANDALTIZM 0.133712 0.007s1s 7. 103675 0.013133 10.151417
HOTIEHOLD 0.012425 0.001213 10.2454zZ6 0.002155 ©&5.764924

LOWERCITY 0.13656%9 0.122861 1.111567 0.2665 0.112335 1.209771




Building a
regression model:

OLS

Ordinary Least Squares Regression




Building a global OLS regression model

1. Choose your dependent variable (Y).




Building a global OLS regression model

2. ldentity potential explanatory variables (X).




Building a global OLS regression model

3. Explore those explanatory variables.




Building a global OLS regression model




Building a global OLS regression model

How do we know we have a properly specified model?

B )
(1O 0O (1O .. = () () a
=101 G =
AU U U U Co = u = < = =SS 2SS At




Regression analysis output

The R squared vakue & 3 measure of
how wel the estimated values explin
the vargnce in the observed values

W i icient 3tdError t-3tatistic Probability R : =~E FRobust t Robust Pr VIF [1]

Y =

0.12785 . o.

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

Lo Dlagnostlcs
MNumber of Chserwvations: 152 Mumber of Variahles:
Degrees of Freedom:

Multiple B-3quared [2]:

HOUSEHOLD . 2 O.001200

Joint F-3tatistic [3]: 29¢ o« 'rob | FF), 1a,1478)] degrees o freedom:

Joint Wald tic [4]: 3 Prob (rchi-sdquared], (3]
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Koenker (BP) Statistic [5]: Frob (rchi-squared) , (3]
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Jarque-Bera Statistic [6]: = 25 Prob(rchi-sgquared), (2)




e dving vouna in South Dakota?




Use OLS to test hypotheses

Why are people dying
young in South Dakota?

Do economic factors
explain this spatial pattern?
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Use OLS to test hypotheses

% Ordinary Least Squares

Irgad Feabure Dlass

M= Lakota Data
Linigue 1D Fieid
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Why are people dying
young in South Dakota?
Do economic factors
explain this spatial pattern?

Poverty rates explain 66% of the variation in the average age of death
dependent variable: Adjusted R-Squared [2]: 0.659

However, significant spatial autocorrelation among model residuals
Indicates important explanatory variables are missing from the model.




Build a multivariate regression model

« Explore variable relationships using the scatterplot matrix
« Consult theory and field experts
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« Run OLS (this is an iterative, often tedious, trial and error,
process)

Exploring Average Age of Death (]
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Check OLS results

1\

Coefficients have the expected sign.

{\

- Coefficients are statistically significant.

Bummary of OL3 Results

. 3tdError
0.275151

¥}

-1
[0y

.0oo1vz+
. ' . 0.017044+*
NEELCOWEOV 1,4 S 3 2.965173 0.0001z4+

Diagnostics
Numbher of Observations: : Numbker of Variab
ees of Freedom: 3 Akaike's Information Criterion (&AIC)
Multiple R-: ared [Z]: . 3! adjusted R-S8guared [Z2]:
Joint F-gtatistic [3]: 51.598570. b, (5,113)
Jolint Wald o s 4] : 43¢ - ' I aquared),

[w

o,
o M
(]

Koenker (EP) 1 [5]: 21.5204°9 li—squarecﬁ,

Jargue—-Eera

Residuals are normally distributed. v

- Strong Adjusted R-Square value. |

- Residuals are not spatially autocorrelated. !




Online help is ... helpful!

Contents | pdex | Favorpos | Search |

I[] Spatial Statisfics inolbnx
[£] An averview of the Spatial St
l_'l Modahng spahal relshonships i
2] Spatiol Statistics tpofbux samy Regression analysis basics
A] ‘What s a 2 Ecore? Whatisa )
@ Lnabzing Pattems toolset 'a{'_ Related topics

e Mapping Llusters tools et Tt bl statistees boolt d Frectve Lools | Lal Lial palk u tl
b , g e spabial statistics toolbox provides effective tools for guantilymg spatial patterns, Usmg the
®: Muasuring Geographic Distrib Hot Spat Analyais tool, for example, you can ask questions i

ArcGlS

I Modeling Spatial Relationzhip
B} A coveraes of the Madehn
1] Spatial weights 2. Where are the hot spots for crime, 911 emergency calls (see graphic helow), or fires?

1. are there places in the United States where people are persistently dying voung?

] Begression anahnsis basic 3. Where do we hind a lgher than expected proporton of rathc acadents in a oly?

Contents llﬂdex l Faworites l Eearchl

2] Modeling spatial relationships -
[§] Spnatind Stafistics tnalbox sam| 1
2] Whatis & £ Sooret Whatis a
v @ Anabyzing Patiems toolset Interpreting OLS results
+ @ Mapping Clusters toolset Quitput generated from the OLS Regression tool mcludes:
« @ Moazuring Geographic Distrib
1) Modeling Spatial Relationship
[#] An oveniew of the Modelin
(1) Spatinl weighta
[¥) Fiegression analysis basic
@ Tooks ol Cmiisdempluntory | Whepkey eiplanatory  Hap and samive 0L oatdugl and
ﬂ Cenerate Metvork Spet <ty ._H-__'. L] (misspechcation). from & regrassion model, m*rjn EII": ':L'grl'-.ﬂslam.lﬁu.:h.
[¥] Generate Spatial Weigl o LT coElfioents and thes to oo f ths prondes dues about

= . assopated p-values posgible miEsing vanables.
2] Geographicalh Weight T, e cannot be trusted,

B] Oirclinany Least Squares

ArcToolbox

« Dutput feature class.

Camneen Begression Problems;, Consedguences, and Solitions

Py laruinr OLS and GWE are both Ui thie goatterplot matris graphic to

relationshegs, View an lrvgar meosdels, I tha ghucidate the relatondlsiy among all

gl atpoi. relatioriten belbween wahables n the ivbdel. Pay carelul
any of the sxplanatory atvention to relaticnships imvokding
vanabées and the thve dependent vanable.
dependent vanabls is Cunshneanty can often Be rembédued
nan-hnaar, the reswtand By trandlaonming the sanables. Ve
model will perfarm i ietration. Altormatieely, use a
paorhy. nore-ngar fegression mathod.

Data Qualers. View an  Influentiad outliers can Use the scaiterplst matrs and other
iy Etratian. pull modeled regragcion  graphandg tools to éxamene axtréma
relabansheins away from  data valuse. Cormatt or famova




Coefficient significance

* Look for statistically significant explanatory variables.

MHoLea aon InEatpe

ge
Msazure o
Significans
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0.017044+
LOooo1z4+

Joint F-g st o - b ) L J : =3 freedom:
Joint Wald 3 I 2] 2 5E - - 11 - Sgus ey ] ; F £ ot
Koenker (BE) : - )
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Coefficient significance

* Look for statistically significant explanatory variables.

Hotea an IntacpeEabab:on

Beatistically signidicant ot the 0.05 level.

Large WIF (> T.3, tor example
Mzazure of model fit/pertorme
Mignificant prvalue indicates
Bignificant p-wvalue indicates
Significant p-value indicates
Significant p-value indicates

indloates EHFJ.-&TI-&'EEE‘IJ' vAarlable EE':.'.I.'I']HBFI.-E'P'.
-9

pverall modsl significance.

rakust sverall meadel signifisanse.

hiased standard errors; use rohust estimates.
residuals deviate from a normal distribution.

Probability ps

0.000000*
0.000000*
0.000000*
0.000172*
0.017044*
0.000134*

Robust _Prob

0.000000*
0.000000*
0.000011*
0.000732*
0.025148*
0.000692*

Surmmary of OL3 Results

t-dtatistic |Probability| Robust 8E Robust t

0.813152 105.8633Z24
14.544464 -7,53287675
29.800533 -4,63813°7
13.536130 -3.475568
14732174 -2.Z2659173
4,125643 -3.432499

Variable Coefficient|StdError
Intercept B&.082370 0.875151 98.36352Z1 0.000000+
NVEHIACCID -110.5Z0016)12.2130123 -2.049366 Laooooo+
N3UICIDE -138.221155)18.180324 -7.602738 Lo0oooo*
NLUNECANC -47.0453741 J1:2.076316 -3.8925703 LOoo1vE+
NDIABETEZS -33.429850 |13.805975 -2.421405 017044+
NEELCWECW -14.408804 |3.633873 -3.9&5137 LOoo134+

Robust Pr
Laooooo#
.Laooooo#
Looooll+
LO00732+
LO0Z514a+
LO00&92*

331229
.356458
L051zZ07
400358
LEIEIET

OLE Diagnostics

Numker of Chservations: 119 Nurker of Variables: A

Degrees of Freedom: 113 Akaike's Information Criterion (ATC) [2]: 524, 97620
Multiple R-8guared [2]: 0.870551 Adjusted R-8quared [2]: 0.8648Z23

Joint F-Statistic [3]: 151.985705 Prob{=F), (5,113) degrees of freedom: Loooooo#
Joint Wald Statistic [47: 408, 057428 Prokhi{xchi-sguared) . (5 degrees of freedom: Llooooo+
Ecenker (BP) Statistie [5]: 21.5904%91 Prob(rchi-squared), (5) degrees of freedom: LOODGZE*
Jarque-Defa estatlistic [B]: &.aUJLyqf Frob [ ~chil-Squared,, L] OQEHQLEes OL LLeedom: L LloceULr

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




Multicollinearity

* Find a set of explanatory variables that have low VIF values.

C X JIC atd \/

facet of the dependent variable.

\/ O C i

What did one regression coefficient say to the other regression coefficient?

...I'm partial

to you!

Notes on Interpretation

the 0.05 1

[1] Large VIF (>

dtikError
n.375i15I1
1Z.E213013
10.100224

roefficienc
I ntercept. BR.NEZIT3I

NYEHI&ACCILC —110.220010
NaUICIDE 170.221155
NLUNCCANC =-17.045711 12,
NDIABETESF -—-Jd-.4d4%400 154,
B B E Li_E -1l4_ 408304 3.

VYariable

= LB b

07&21le

all model
dard errors; us

significance.
stimate

viate from @ no

Summary of OLS esults
t-Statistic Prodability
9R . =RARZI n . nonnnn
-2.[42368 0.000o00*
T.02700 Lo0oooo+
-3 E957032 LODD17E+
—Z.4L14: 1.1l raa*

O _ Q00134+

thuat_sﬂ
N_.FIIAAF

14.544<64
22.000203
12.5381320
l4,742174
4 1z C 3

2.351229
1.556498
1.051207
1.400358
3.232363

Huhuzt_Hr
nnrnnn*
LooCcoons
LooCo1ii+
LO0CT72Ee

1. UE-148

0. 00Cs2z+

031207
LAUUE o

L 23EZS3
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Model performance

« Compare models by looking for the lowest AIC value.

A
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different OLS/GWR models are comparable
* Look for a model with a high Adjusted R-Squared value.

[2] Measure of model fit/performance.

all model significance.

Sighnificant p-values i

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

oLB Dingnnﬂtia:
Humber of Thservationsg: 117 Number of Variables:
Degrees vf Freewdom: 113 Akeake's Infesmataen Ceatwveaen {(AIS) [2]:
Multiple R=Sgquared [Z]: n.aMTnassi1 Adqu=ted BR=%gusre=d b
Joint P-Otatistic [3]: 151. 995705 Frob{>*F), (5,113} d:gr::: ot treedom:
Joint Wald Otatistic [4): 4D6.057420 Frob{*chi- sgquared), (5) degrees of freedom:
Eoenker (BPF)] Statistic [3]: 2ZL1.5904%1 Prob{ wl-eggquaraed), (5] degresszs of fresdom:
Jargue-Bera Statistic [86]: 4.207.98 Probir»chi-sgquared), (2] degreesz of freedom:

o O

LO0000o*

L O00EZET
 LEZAOLT




Model bias

« When the Jarque-Bera test is statistically significant:
— The model is biased

— Often indicates that a key variable is missing from the model

Frequency st imfion

indicates explanatory wvariable redundancy.
[Z] el fiv/perioumance.
[3] Bignificant p=valwe indicates averall sade]l aignificance.
Jlgnificant p=-value indicates robust overall model Si1gnilicance.

[3] Sigrnificant p=valus ipdicates blased sLandard srrors; uze Jobusl &gl imates.

arque-Bera Statistic [6]: 4.207198 Prob(>chi-sq), (2) degrees of freedom:

OL3 Diagnostics

Number of Obserwvations: 115 NHumber of Variables; é

Degyrees of Preedom: 113 Akaike'2 Information Criterion (AIC) [2]: 524,9762

Multiple RE-SBguared [Z2]: 0.870551 Adjusted R-Syuared [Z]: 0.8&64823

Joint F-3tatistic [3]: 151.985705 Frobi{>F}), (5,113} degrees of freedom: 0.000000*
Joint Wald Statistic [4]: 49¢.057420 Prob{*chi sguared), (5) degrees of freedom: . 000000+
Foenker (BP) Statistice [5]: Z21.590491 Prob(>chi-squared), (5) degrees of freedom: DO0DEZ&*
Jargue—Bera SLabListic [6]: 4.2071598 Frubi{>chi-sguared), {(£) degrees ol [ceedom: 0.122017
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atial Autocorrelatia

WARNING 000851: Use the Spatial Autocorrelation (Moran®s I) Tool to ensure residuals are not
spatially autocorrelated.

Error code: 000851: Use the Spatial Autocorrelation (Moran's I) Tool to ensure residuals are not spatially autocorrelated.

Description: Results from regression analysis are only trustworthy when the model and data meet the
assumptions/limitations of that method. Statistically significant spatial autocorrelation in the regression residuals
indicates misspecification (a key missing explanatory variable). Results are invalid when a model is misspecified.

Solution: Run the Spatial Autocorrelation (Moran's I) tool on the regression residuals in the output feature class. Ifthe Z
score indicates spatial autocorrelation is statistically significant, map the residuals and perhaps run hot spot
analysis on the residuals to see if the spatial pattern of over and under predictions provides clues about missing
key vanables from the model. If you cannot identify the key missing vanables, results of the regression are
invalid and you should consider using a spatial regression method designed to deal with spatial autocorrelation
in the error term. When spatial autocorrelation in OLS residuals is due to non-stationary spatial processes, use
Geographically Weighted Regression instead of QLS.

1 oy | b = 1 simard | i v 010

D hrer e 1 ke e

- LLLTTTTIT] [TTTTTT

B " i i w P m e an pesses O OB OW 2RGDDE OTF O8N 00 o
] ] | [———r A sy Py e i R i s
— T
i mi | Foms | | W ahoo il e Thoseer e iy L, B i b
T e Y ] ki hwn e
(] L ]
e — [ o= ] S

Statistically significant clustering of | Random spatial pattern of under

under and over predictions. — . and over predictions.




ﬂ ArcGlS Desktop 9.3 Help
o

How regression models go bad...

There will be times, however, when the missing variables are too complex to model, impossible to quantify, or too difficult to
measure, In these cases, you may be able to move to GWR or to another spatial regression method to get a well-specified

mindel.

The fallowing table hsts common probléms with regrésson models and the tools avalable in ArcGIS to help addrgss them:

Common Regression Problems, Consequences, and Solutions

Omitted explanatory vanables
(misspecification).

NDRkRRET I"EF&TIL':I"ISHI:IE WiEWw an

llistration.

Data outliers, YView an
s tration.

Wwhen key explanatory vanables
are missing from a regression
madel, coothcwents and thor
assomated p=values cannot he

trustedq,

CLS and GWR are both inear
models. If the relationship
between any of the explanatory
vanables and the dependent
vanable 15 nonhnaar, the
rasultant model will parform
poary.

Influential outliers can pull
modealed regrossion rélationships
AWay from thesr true best fit,

biasing regression coefficients.

Map and axamine DLS residuals and GWE
cogfficients, or run Hot Spot Anglysis on OLS
regression residuals to seo if this providos clucs
about possible missing vanables.

Use the scatterplot matriy graphic to elucidate the
relationships among all vanables in the model. Pay
caraful attention to relationships invohang the
dependent vanable. Curvilineanty can often be
remeadied by tran:f-:urmlng the vanables. Vigw an
llustration. Altematively, use & nonlnear regrassion
mathod

Lise the scatterplot matrix and other graphing tools
to examing oxtreme data values. Corroct or romove
outlers if they represent errors. When outhers are
correct/vald values, they cannot/should not be
removed. Run the regression with and without the
outliers to see how much they are affecting your
results,




Check OLS results

1\

Coefficients have the expected sign.

{\

- Coefficients are statistically significant.

Bummary of OL3 Results

. 3tdError
0.275151

¥}

-1
[0y

.0oo1vz+
. ' . 0.017044+*
NEELCOWEOV 1,4 S 3 2.965173 0.0001z4+

Diagnostics
Numbher of Observations: : Numbker of Variab
ees of Freedom: 3 Akaike's Information Criterion (&AIC)
Multiple R-: ared [Z]: . 3! adjusted R-S8guared [Z2]:
Joint F-gtatistic [3]: 51.598570. b, (5,113)
Jolint Wald o s 4] : 43¢ - ' I aquared),

[w

o,
o M
(]

Koenker (EP) 1 [5]: 21.5204°9 li—squarecﬁ,

Jargue—-Eera

Residuals are normally distributed. v

- Strong Adjusted R-Square value. |

- Residuals are not spatially autocorrelated. !




Exploring spatial variation:

OL% Diagnostic

L}

Number
Degre

Joint F-
Joint Wal
F .




Global vs. local regression models

* OLS

Global regression model

One equation, calibrated using data from all features
Relationships are fixed




Global vs. local regression models

* GWR
— Local regression model
— One equation for eve eature, calibrated using data from nearb
features

— Relationships are allowed to vary across the study area

Population Income
Feature Class Feature Class

For each explanatory variable,
GWR creates a coefficient surface

showing you where

Income relationships are strongest.

Coefficient
Surface

45



Vehicle Accldents

Diabetes

Exploring regional variation

46



" Geographically Weighted... E]@‘

Input Feature dlass

Running GWR

| NS Dakota Data
Liespizs E wrariabls
fvehgeDth

* GWR is a local spatial regression
model

LI~ I~ |

— Modeled relationships are allowed to

vary
OLS, except: Cutput Feature class

C:\BackupMor tality \Demo| GWR OutputFC . sho

— Do notinclude spatial regime e |
(dummy) variables e ]

Bandwsdth method

AlCe -

M“E' —

Murnber of e

TAY

— a 9 OO V O Al

value variation

Waights (opkional

= Additional Parameters (Optional)
Coeffickent raster workspace (optional)
Ci\Dedupi\Mort sty Demal CosfRasters
Cutput cell size (optional)
2500.0




Defining local

' Geographically Weighted... LI[EIEI
« GWR constructs an equation for e

each feature lcm:m

Explanabory varishls/c)

hehiRood
M
ML AN
hliabetes
m v v ']

Oukput Festure clacs

=t e P | Dot iy | G R L st

Eerred bype
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Defining local

« Coefficients are estimated using
nearby feature values

- Geographically Weighted... U@El
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Defining local

« GWR requires a definition for nearby

rNoriirovl L]rl\l

* Fixed: Nearby is determined by a fixed

distance band

bt M

number of neighbors
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Defining local

— Bandwidth method

« AIC or Cross Validation (CV): GWR will
find the optimal distance or optimal
number of neighbors

« Bandwidth parameter: User-provided
distance or user-provided number of

neighbors

- Geographically Weighted... U@EI
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Interpreting GWR results

Bandwidrth v Z2e4005

Besidualiquares P 327.574545924067235

EffectiveMNurnber

« Compare GWR R2 and AIC

ATCe

values to OLS R2 and AIC values 2 I

Ezidjusted : 0.58905 iéléﬁzqa?é
— The better model has a lower AIC
and a high R2.




Interpreting GWR results

« Residual maps show model
under- and over-predictions.

Bandwidrth

Besidualiquares

Effectivelurbher
Sigma

AICE

R2

RZhidjusted

v Z2e4005

53



Interpreting GWR results

» Coefficient maps show how

across the study area.

\/

\/

Bandwidth r Ze4005
Eesidualiquares 33z
Effectivelunber

Sigma

AICE

R2
RZzidjusted
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Interpreting GWR results

Bandwidth r 2e4005
Besidualiquares .

EffectivelNurber
Sigma

AICE

| 2]

RZzidjusted

= hpatiad At iiielalien | Globel bed e £

» Model predictions, residuals,
standard errors, coefficients,
and condition numbers are
written to the output feature

class.

iIndicates a less reliable result

12 612641 | 0874545




GWR prediction

" Geographically Wekghted Regression

Geographically Weighted
Regression
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GWR prediction

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

" Geographically Wekghted Regression
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GWR prediction

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

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

" Geographically Wekghted Regression
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GWR prediction

Calibrate the GWR model using known . Geographically Welghted Regression

values for the dependent variable and all R Bl
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Provide a feature class of prediction o
locations containing values for all of the o
explanatory variables.
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GWR will create an output feature class
with the computed predictions.




Resources for learning more...

* Regression Analysis Tutorial:
http://[resources.esri.com/geoprocessing/

* Instructor-Led Training:
Performing Analysis with ArcGIS Desktop

—Regression Analysis Basics
—Interpreting OLS Results

—Internretinoe NR Re

= Sohewr Pladyegelien

[ IS T
TEEE g

Regrassion analyuie basicu

° D Res( N ante ESRI Resource Center  [RTIIT




LRosenshein@ESRI.com
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