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Materials

All course materials, lecture slides, etc. can be
accessed via www.urbaneconomics.nl/aese
[f there is anything unclear, let me know!
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This course

Learn about advanced tools and techniques
important for spatial economics
=» No theory - an applied course!

* Do not hesitate to ask questions during the class!

Notation on slides

Most important concept are underlined
Questions (via Menti), exercises and applications
— Onred slides




Spatial econometrics (1)

1. Introduction

1. Introduction

2. Space In economics
3. Spatial data structure
4. MAUP

5. Summary

VRIJE
UNIVERSITEIT
AMSTERDAM

= Topics:
1. Spatial econometrics
* Spatial data, autocorrelation, spatial regressions
2. Discrete choice
 Random utility framework, estimating binary and
multinomial regression models
3. Identification
 Research design, IV, OLS, RDD, quasi-experiments,
standard errors
4. Hedonic pricing
« Theory and estimation
5. Quantitative spatial economics

* General equilibrium models in spatial economics
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1. Introduction

= Monday:

1. Spatial econometrics (1+2+3)

Tuesday:
2. Discrete choice (1+2+3)

Wednesday:
3. Identification (1+2+3)

Thursday:
4. Hedonic pricing (1+2)
5. Quantitative spatial economics (1+2)



Test question: \Who won the nobel prize in
Economics in 20217 (multipole answers may be
correct)

18 v

David Card Guidolmbens Joshua Angrist Technically, there is no Nobel Prize in economics.
Instead, there is the Bank of Sweden Prize in
Economic Sciences in Memory of Alfred Nobel. Etc.
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David Card Joshua D. Angrist Guido W. Imbens

“for his empirical “for their methodological
contributions to contributions to the analysis of
labour economics” causal relationships.”
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\What is your highest achieved degree?

® 4 BSc
) 7 MSc
® PhD

® 11 | am currently pursuing a PhD




WHAT IS YOUR MAIN FIELD?

\What is your main field?

21

2 3
1 _— . s D

Economics Econometrics Geography Data science Engineering Other



| have attended the following courses:

17
12
_7
4 4 3

Urban economics (BSc) or alike Urban economics (MSc) or dlike Econometrics (BSc) or dlike Econometrics (MSc) or dlike Other spatial/urban/regional Other spatial/urban/regional | never attended any
economics course at bachelor economics course at master level  spatial/urban/regional economics
level nor econometrics courses

28



Please let me know how familiar you are with
the following concepts:

QLS

Agglomeration
economies

w

A
e

Discrete choice
models

‘n‘a identification

e/
14

*!e":v

Semiparametric Monocentric city
regressions model

Hedonic pricing




| have experience in:

® 35%
® 35%
® 2%
® 22%
® /%

STATA
R

Julia
Python
Other
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Property value
- B >7569 eura/m2
Bl & 6307-7569
Bl = 56766307

M 5045-5676

A 4414-5045

B 3784-4414

& 3153-3784

M 2523-3153

|1
B & 1892-2523
I—i

B <1892
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1. Introduction

Leanest State Percentage of Obese Adult Population Fattest State
Colorado (3-year average from 2007-09 CDC Behavioral Risk Factor Surveillance System data) Mississippi
[ — A
191 214 2 26 28 0 316 338
Wash.

i Mont.
Ore. 235

25.0 Idaho
25.1

Wyo.
25.0

Nev.
255  Utah

Calif. 23.2
244

Hawaii
22.6
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1. Introduction

PM2.5 (ug/m?)

. o

B o
0.5-
0.6 -
o7
[__Jos-

L__lo9.
B 1.0-
B 1.2-
-:1,5

0.5
0.6
0.7
0.8
0.9
1.0
1.2
15

.;.1
_—




Spatial econometrics (1)

1. Introduction

2. Space In economics
3. Spatial data structure
4. MAUP

5. Summary

VRIJE
V U == UNIVERSITEIT
AN’ AMSTERDAM

1. Introduction

30-Year Probability of Strong Shaking '3 \\

(JMA Intensity 6-lower), in percent
in 2005 Japan National Hazard Map

- >26%

>6
>3
>0.1
<0.|
[ ] 16 Jul 2007 ]
100 km M=6.8 Ce
|
25 Mar 2007 .-
4\ )&
& |\ A
: N
6 Oct 2000 21 Oct 2016 i*_/j\ **5
M=7.3 | h

20 Mar 2005

5 Sep 2004 M=7.2 & M=7.4

Large Earthquakes since 2000

(JMA magnitudes)

/q‘ | | Sep 2008 M=6.8
25 Sep 2003 M=8.3

25 Sep 2003 M=74

|3 Jun 2008 M=6.9

26 May 2003 M=6.9
|6 Aug 2005 M=7.2

9 Mar 2011 M=7.3

|1 Mar 2011
Tohoku-Oki
M=9.0

31 Oct 2003 M=7.0

19 Jul 2008 M=7.0
7 May 2008 M=6.9

Modified from
Toda & Awata (EPS, 2007)
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e = What s special about spatial data?
. Spatial data structure
. MAUP
. Summar . .
: = Not only time component, but also spatial
component:
Vi = BXei + €, (1)
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Please mention examples of spatial data



i » Why not use OLS?
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. Summary

= Let's have the standard OLS equation

Vi = Px; + €; (1)
where i is the location

= Let's consider the case where
cov(x;, x;) # 0 and

vi = Bx; + f(x;) + € (2)
where j are all other locations

VRIJE
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Withy; = Bz; + f(z;) + €;., will 3 be estimated
consistently with OLS when estimating

16

2

0

Yes, no problem! Yes, but OLS is inefficient (so has No, 3 will be inconsistent because  No, 3 will be inconsistent because
large standard errors) of omitted variable bias of reverse causality
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1. Introduction

This week

Learn about how to deal with spatial data
... and spatial econometrics

Plan:
Lecture #1: Spatial data
Lecture #2: Spatial autocorrelation and regressions
Lecture #3: Spatial regressions (cont'd)
Assignment: Open space and school quality

B
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Some remarks on matrix notation
* Use bold symbols for vectors

X11
X = |X21
X31

* Use bold symbols and capitals for matrices
X11 X12 %13
X = |X21 X22 X323

X31 X32 X33
* Identity matrix

1 0 O
I={0 1 O
0 0 1

- IX =X
» Inverse X! is matrix equivalent of 1/x
—» X X=XX"1=]
* More details in the appendix of the syllabus

12
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Many economic processes are spatially

correlated
* Tobler’s first law of geography

Most economics models are “topologically
invariant”

New economic fields have emerged
 Urban economics
* New economic geography (NEG)

Synergy with other fields
* Economic geography
» Regional science
« GIS

13
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2. Space in economics

= Economists and space

YOU?

14
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2. Space In economics

. Spatial -

= 40-50s - mainly domain of statisticians

= (Cliffand Ord (1973): “Spatial autocorrelation”

= Paelinck and Klaassen (1979): “Spatial
Econometrics”

= Rapid growth since Anselin (1988)

= New estimators, tests and interpretation

e.g. Kelejian and Prucha (1998, 1999, 2004,
2007, 2010)

15
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2. Space in economics

= Spatial modelling is becoming increasingly
important
* New and geo-referenced data
 Advanced software
* New methods and regression techniques!

16
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3. Spatial data structure

= Time is simple
* Natural origin
* No reciprocity

e Unidirectional

_— —_— — >
Xt—3 Xt—2 Xt—1 Xt

= Linear space (e.g. beach) is different

e No natural ori
* Reciprocity

gin

e Unidirectional

> %

i/
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Spatial data structure

VRIJE

3. Spatial data structure

= Two-dimensional space becomes even more

complex
* No natural origin
* Reciprocity
* Multidirectional

X1

X3 €& X3

= | =1,2,3 can refer to point data, areas, grids

18



3. Spatial data structure

Spatial econometrics (1)

1. Introduction - " -
B N = First, we have to define the spatial structure of
2o

:': :q:lt]lsldata structure the data

5. Summary

= Specified through a spatial weights matrix

= Spatial weights matrix W:
 Consists of n X n elements
 Discrete or continuous elements

= How to define weights?
* Euclidian distance
* Network distance
* Spatial interactions

V U k Efqllj'fmsmzrr @ SOCial lletWO rks

AMSTERDAM
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3. Spatial data structure

= How to define spatial matrices?

. Bt -

* Adjacent — 15t order contiguous

* Neighbours of neighbours — 2"4 order

contiguous

Dist e

k-nearest neighbours
Inverse distance weights (1/distance)
Cut-off distance

20
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3. Spatial data structure

= Let's provide an example of a contiguity matrix

0 1 1 0
S n, 1 0 1 1
n, 0 1 0 0

21



3. Spatial data structure

1. Introduction " "
e vl = Matrices can be standardised

W 1 = - =

. AL » Different principles can be used

At + Most common: row-standardisation:
o

U YRe1 Wik

where k are other locations

7%

= Interpretation of
" }1:1 w;;: sum of connections to neighbours
* w;; denotes the share of connections to

neighbours

VRIJE
== UNIVERSITEIT
AMSTERDAM
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3. Spatial data structure

= (Create an inverse distance weight matrix with
row-standardised weights




Create aninverse distance weight matrix with
row-standardised weights

-
| am ready!



3. Spatial data structure

o PR = Create an inverse distance weight matrix with
 Jpdce 1N economics
3. Spatiald t . i
T —— row-standardised weights
5. Summary

nyq Ny

3
4 4
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3. Spatial data structure

= (Create an inverse distance weight matrix with
row-standardised weights

1/5 1;4 1;9
1/5+1/4+1/9 1/5+1/4+1/9 1/5+ 1/4+1/9
§ - 1/5 0 1/2 1/4
= & 1/5+1/2 + 1/4 1/5+1/2+1/4 1/5+1/2+1/4
n 1/4 1/2 0 1/6
: 1/4+1/2+1/6 1/4+1/2+1/6 1/4 +1/2 + 1/6
1/9 1/4 1/6 0
Ny

1/9+1/4+1/6 1/9+1/4+1/6 1/9+1/4+1/6



3. Spatial data structure

e = Create an inverse distance weight matrix with

 Jpdce 1N economics

. Spatial data structure . -

e LR row-standardised weights

. Summary
nyq Ny
5

4 4

0.36 045 0.20

S n, 0.21 0 0.53 0.26

- N4 0.27 0.55 0 0.18
n, 0.21 0.47 0.32 0

VRIJE
=~ UNIVERSITEIT
AR AMSTERDAM
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= Let’s say you aim to create a spatial weight matrix

— What could be a problem with the following
weight matrix?
y=Lfe+We'y + € (3)
y = income; e = education
Say that W depends on the number of friends you
have



\What could be a problem with:

y = Be + We'v + ¢, where W depends on the
number of friends?

45% v
36% v

79, 1%

The number of friends could be correlated to other Income could influence the number of friends you Due to multicollinearity, B and y cannot be The number of friends is measured will always be
individual characteristics (e.g. social capabilities) have, implying an endogenous weight matrix separately identified measured with substantial measurement error so
that Wis not informative
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3. Spatial data structure

= Remarks regarding distance weight matrices

Check for exogeneity of matrix
* Connectivity
* Symmetry
« Standardisation
* Distance decay

27
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Weight

1.00

0.90

0.80

Sometimes theory may help
May also try to find the optimal decay
parameter empirically

0.70 4

L300 4

0.20

0.10 -

0.00 -

—1/d
1/(2*d)
——exp(-d)

0 5 10 15 20 25 30
Distance d

28
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3. Spatial data structure

= Choice of distance decay is arbitrary

An alternative is to forget about specifying W
Alternatively, use different x-variables
capturing concentric rings

Average of x-variable for different distance

bands

29
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3. Spatial data structure

= Choice of distance decay is arbitrary
* eg8.yY=axXo-100 T £FX100-200 T ¥X200-300 T €

X200-3

30



Spatial econometrics (1)

. Introduction

. Space in economics

. Spatial data structure
. MAUP

. Summary

VRIJE
== UNIVERSITEIT
AMSTERDAM

3. Spatial data structure

= How to define spatial weight matrix using
software
* SPATWMAT in STATA, based on geographic
coordinates
* SPWEIGHT In STATA
* Geoda
* SPATIAL STATISTICS TOOLBOX in ArcGIS

* SPDEPINR

= Concentric rings should be calculated manually

31



3. Spatial data structure

2 e Sy = Koster, Van Ommeren, Rietveld (2014, Economica)
e » The effect of employment density on rents of

5. Summary . .
commercial properties

= We have a dataset with
127,439 locations/firms

= (Calculate spatial weight matrix and use that to
calculate the weighted employment (density) for
each location
* Hence, Wx

* Use spatial weights approach

VRIJE
U =" UNIVERSITEIT
R AMSTERDAM




3. Spatial data structure

sy * How do we determine w;, Vi, j?

. Space in economics
. Spatial data structure
e y o . »

. Summary

where d; = 2.5

= Multiply w;; by the employment x; at j, Vi, j to get

W x
Distance matrix Weight matrix
from/tol 1 2 3 4 rom/tol 1 2 3 4
0 2 3 5 0 1 0 0
2 0 1 2 1 0 1 1
£ g 3 1 0 5 0 | 0 0
|| g 5 2 5 0 0 1 0 0

VRIJE
U =" UNIVERSITEIT
R AMSTERDAM




\We use unstandardised weights in the weight
matrix. Is this an issue in this application?

® 52% Yes, because forsome areas
employment will be weighted much
more heavily

14% Yes,because we are interested in
average employment, rather than
total employment at a location

® 33% No,we areinterested in total
employment, rather than average
employment at a location
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3. Spatial data structure

Legend

Agglomeration

(in standard deviations)

<-0.75
.75 = =0.25
-0.25 - 0.25

0.25 - 0.75

Weighted employment in Zuid-Holland

Lelden

The Hr.;_qem‘

Ffm'n*r meer

fCrouda

" Rotterdam
<

Dordrecht

10
KN



4. Modifiable areal unit problem

. Introduction = Usually we do not have space-continuous data

. Space in economics

. Spatial data structure = ‘ ’ « ’
e Dots’ to ‘boxes

. Summary

= Data is aggregated at
* Postcode areas
* Municipalities
* Regions
* Countries

* Problems:
* Aggregation is often arbitrary
* Areas are not of the same size

* This may lead to distortions

VU§ e + Maodifiable areal unit problem (MAUP) .
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4. Modifiable areal unit problem

= An illustration:

©: one unskilled, productivity = »

®: one skilled, productivity = v >y

Briant, Combes and Lafourcade (2010, JUE)

= Aggregation seems to be important!

36
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. Introduction * Briantetal. (2010) investigate whether choice
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or matters for regression results
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4. Modifiable areal unit problem

= MAUP is of secondary importance
» If yand x are aggregated in the same way

* Matters more for larger areas (e.g. regions)
* Use meaningful areas if possible

= Specification issues are much more important

38



In what of the below maps on accidents in Tampa
FL., yvou think the MIAUP could be the most
pronounced? (from Xu et al, 2018)

0 0 0 0 v

Block-groups Traffic-analysis zones Census tracts Zipcodes
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. Space in economics
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. MAUP

. Summary

= ‘Space’ in economics is becoming more and more
important

* Incorporating space in econometric applications
Is not straightforward

* Important to define the spatial structure of the

data
* Spatial weight matrices
 Modifiable areal unit problem
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AMSTERDAM 39
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