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Agenda

 Problems of OLS with spatial data
» Spatial Autokorrelation of Residuals

« Spatial Regression
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Reqgression analysis

FPunkte in Klausur
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Reqgression analysis

Spatial Heterogeneity

— Close units of observation are similar, because of shared stimuli.

— You don‘t have to assume spatial interaction between observational units.
Spatial Dependence

— Similarity of units of observation is due to direct mutual influence.
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Reqgression analysis

Spatial Heterogeneity

— Close units of observation are similar, because of shared stimuli.
— You don‘t have to assume spatial interaction between observational units.

- Heteroskedasticity

Spatial Dependence
— Similarity of units of observation is due to direct mutual influence.

- Correlation of residuals
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Reqgression analysis

-> A statistical model with spatial autokorrelation violates the assumptions of OLS.

Coefficients may be overestimated and standard errors too small.

Foints with simikar
values cluslar
fogether -» (spatial)
dependencies are
prasent > regrassion
assumplions are
viclated!
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Spatial Regression

Models for spatial dependence
yi = p[Wy]; + BX; + ¢
e = A[WE]L + Uu;
u;~N(0,0y)

—If A =0, spatial lag model
—If p =0, spatial error model
—If A\=p =0, OLS

« Because we are interested in spatial processes in our data.
« Because we do not want to violate the assumptions of OLS.
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Spatial Reqgression — spatial error

We can account for spatial dependence of the residuals in a spatial error Modell.

(D)y=XB+u
(2)u=AWu +¢

u is a vector of the spatially weighted error terms and lambda is the coefficient of
the spatial error, it is O when there is noch spatial correkation between the error

terms.
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Spatial Reqgression — spatial error

We choose a spatial error model, when there is no theoretical reason to assume,
that:

* yis not influenced by spatially close y und x values,

*  When the ommitted spatial variables are hard to r measure, but when they have

Important spatial influence,

« or when there is spatial dependence but we are not interested in it.
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Spatial Reqgression — spatial lag

 When we assume, that spatial distance between observational units has a direct effect

and we want to model this process, one should think about using spatial lag models.

« Research in sociology could be small scale surveys in school classes, in student

dorms, etc. where we interview all subjects in the sample frame.

« Example in political science: Processes of democratization
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Spatial Reqgression — spatial lag

The statistical model is thus:

(1) y=pWy + XB + ¢

» The spatial lag is represented by a satially weighted average of the dependent

variable. A significant coefficient rho can be interpreted as influence of neighbouring

units.

« Problem of endogeneity: y is a function of Wy and vice versa.
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Spatial Reqgression — Comparison
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Baller, R., L. Anselin, S. Messner, G. Deane and D. Hawkins. 2001. Structural covariates
of US County homicide rates: incorporating spatial effects,. Criminology , 39, 561-590

Universitat Konstanz



Types of spatial regressions

Manski Model
(all)

Kelejian and
Prucha Model
(y and €)

Spatial Durbin
Model (y and x)

Spatial Durbin
Error Model
(x and €)

Spatial Lag
Model (y)

Spatial Error
Model (g)

OLS Model
(none)
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Steps of a multivariate analysis of spatial data

 Explorative data analysis (Moran‘s |)
* Multivariate OLS
» Test of spatial autokorrelation of the residuals

 Possible inclusion of additional characteristics of the context to explain away the
spatial autokorrelation, possibly even multilevel modelling

 When there is still spatial autokorrelation = spatial regression

« Selection of model according to theory
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Research example

1. Respondents and data

2. Geographic analysis of residuals
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Respondents

"
triegebiet
*

® ..
1‘ Indus
2 g

,Digitalisierte GrundriRdaten der amtlichen
Flurkarte des

Tiefbau- und Vermessungsamtes der Stadt
Konstanz

Stand 05.07.2010¢
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Data

Assessment of close personal social relationships with name generators:

1. ,With whom do you discuss important personal matters?“
2. ,With whom do you spent you leisure time?*

2 4 8 10
strong ties
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Simple model of explanation

Modell (1)
strong ties
Migrant (=1) -0.64
(-4.11)™
Female (=1) 0.42
(2.88)"
Age (in years) -0.02
(-0.74)
Age (squared) -0.00
(-0.03)
Living in Neighborhood -0.08
(in years, log) (-1.20)
City (Kreuzlingen=1) 0.04
(0.22)
Intercept 5.38
(10.25)"
F 8.43
N 928
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Analysis of residuals
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Model 1: =

Residuals

-4,530735 - -2,044013
-2,044012 - -0,408378
-0,408377 - 1,193617
1,193618 - 3,016214
3,016215 - 5,663942

@0000
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Spatial dependence of residuals in Model 2

Moran's Index: 0,170416
Z-sCore: 3436405
p-value: 0,000589

Significance Level
{p-walue)

0.01

0.05

010

010
0.03
0.01

gEC00oN

«—

Significant

e —

Significant

Critical Value
{z-score)

< -2.58
-2.38 --1.96
-1.96 - -1.65
-1.65 - 1.65
1.65 - 1.96
1.96 - 2,58
=258
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Model with additional characteristic of context

Modell (1) Modell (2)
strong ties  strong ties

Migrant (=1) -0.64 -0.58
(-4.11)"  (-3.75)"
Female (=1) 0.42 0.41
(2.88)™ (2.90)™
Age (in years) -0.02 -0.02
(-0.74) (-0.78)
Age (squared) -0.00 -0.00
(-0.03) (-0.06)
Livin inNeighborhood -0.08 -0.05
(in years, log) (-1.20) (-0.79)
City (Kreuzlingen=1) 0.04 0.13
(0.22) (0.58)
Socio-economic status 0.14
Of Neighborhood (3.31)"
var u 0.42
(2.31)"
var i 0.74
(29.89)"
Intercept 5.38 4.6
(10.25)" (8.23)"
F / Wald chi2 8.43 60.08
N 928 928
NH 93
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Model 2:

Residuals

_NONONON

-4,256217 - -2,095005
-2,095004 - -0,564124
-0,564123 - 0,998630
0,998631 - 2,739186
2,739187 - 5,883609
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Spatial dependence of residuals in Model 2

Significance Lewel
{p-value)

0.01

0.05

010

Moran's Index: 0,091702
Z-score: 1,859129 3
p-value: 0,063009

0.10
0.05
0.01

§80000N

«—

Significant

|

{Random)

Significant

Critical Value
(z-score)
< -2.58

-2.538 - -1.96
-1.96 - -1.65
-1.65 - 1.65

1.65 - 1.96
1.96 - 2.58
=258
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Steps of a multivariate analysis of spatial data

 Explorative data analysis (Moran‘s |)
* Multivariate OLS
» Test of spatial autokorrelation of the residuals

 Possible inclusion of additional characteristics of the context to explain away the
spatial autokorrelation, possibly even multilevel modelling

 When there is still spatial autokorrelation = spatial regression

« Selection of model according to theory
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