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Spatial patterns of preferencés environmental goods

¢ Preferences for environmental godd&lyto display spatial patterns

cWhy?
¢ Differencesn the spatial configuration gfoods
¢ Availabilityof substitutes
CPeople® LINBFSNBYOSa ehviohmdits 12 GKSANI £ 2C
¢ Residentiasorting

¢ So what?

¢ Information on spatiadistribution ofpreferences / welfareneasuregrovides
important information for improving the economic efficiency of land
management

¢ A source of observed preference heterogeneity that can be accounted for

¢ We want to be able to investigaspatial patterns in stated and
revealed preferences fanvironmental goods
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Case study public preferences over management
options for nationalorests in Poland

¢ Attributesused to describ&ture managemenbptions

1.
2.

3.

4.
5.

Passiverotection of the most ecologically valuabideests

Reducinghe amount of litter (garbage, rubbish) in forests through tougher
law enforcement and by increasing forest cleaseiyices

Increasinghe level of recreational infrastructure, such as improved
signposting of foredrails

Cost
No change (status quo)

¢ Representativeample of 100Poles
¢ 253 distinct locations

C 4 alternatives per choice task
C 26 choice tasks per respondent



Alternative 1

Alternative 2

Alternative 3

Alternative 4

Protection of
ecologically valuable
forests

Status quo

Passive protection of 50%
of the most ecologically
valuable forests
(1.5% of all forests)

Status quo

Passive protection of 50%
of the most ecologically
valuable forests
(1.5% of all forests)

Status quo

Passive protection of 50%
of the most ecologically
valuable forests
(1.5% of all forests)

Substantial
improvement

Passive protection of 100%
of the most ecologically
valuable forests
(3% of all forests, 100%
Increase)

Litter in forests

.
)

Status quo

No change in the amount of
litter in the forests

L]
.-i
Partial improvement

Decrease the amount of
litter in the forests by half
(50% reduction)

.
)

Status quo

No change in the amount of
litter in the forests

[
.-i
Partial improvement

Decrease the amount of
litter in the forests by half

(50% reduction)

¥ | \
1 | —
Status quo Status quo Partial improvement Substantial
Infrastructure ) ) ) ) _ ) improvement
No change in tourist No change in tourist Appropriate tourist
infrastructure infrastructure infrastructure in an Appropriate tourist
additional 50% of the infrastructure available in
forests twice as many forests
(50% increase) (100% increase)
Cost 0 PLN 10 PLN 25 PLN 100 PLN
Your choice ] ] ] ]




Respondents and forest arspatialdistribution
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The baseline for theomparisorr
traditional 2-step approach

1. Use mixed logit choice models (e.g., latent class, random parameters) to
retrieve individuabpecificconditionaldistributions
¢ Everyindividual has a separate, independent sgharameters

¢ Individualparameters are not directiypserved but we know:
(1) populationlevelestimates of parametetistributions
6HOU SIFOK AYRAGARdZ f Qa OK2AO0Sa
¢ Itis possible to estimate thamdividualspecific values usirtpe Bayesheorem

2. Usethe predicted (expected) individuspbecific parameters as dependent
variables in spatial lag / spatial errepatial Durbirmodel etc.

¢ Simple (linear) regression models in which dependent variable / error term in one
location depends on (distance weighted) dependent variables / error terms in
other locations or fixed effects for geographicdifined clusters are included

¢ Allows for correlations between nearby locations
¢ GIS and socidemographic explanatomariables are used



Location andindividuatspecific MXimodel
results EUR/year)

MNL mode| Location specific MXL model Individual specific MXL mode

coef Mean Std. Dev. Mean Std. Dev.
14.83%*  11.79%* 7.61%% Q.89+ 11.86%**
NAT, 21.82%*  16.86%* 12.17% 13.54%*+ 17.35%+
26.66%*  17.44%% 8.33%+* 11.55% 12.88#+
35.67%*% 25 23w 14,1300 17.68% 01.48%
12.14%+ 8.26%+* 458w+ 6.23%%x 6.14%%*
19.55%+  12.11% 6.51 % 8.63%+ 8.61 %+
37.24% 304 43.27%% 113,745 30.90%*
0.05*+* -2 24w+ 0.70%** J1 57* 1.09%+*

Model characteristics

-29,708.27 -22,632.30 -17,169.76
AlehE T 2.2836 1.7426 1.3228
k 44 44




Are individual WT-Bcores spatially
autocorrelate@®

(passive (passive (the amount  (the amount (tourist (tourist
protection of protection of of litter in of litter in infrastructure infrastructure
most valuable most valuable  forestsg forestscg C partial ¢ substantial

forestsg forestsg partial substantial improvement) improvement)

partial substantial improvement) improvement)

improvement) improvement)

0.1519 0.1563 0.25601 0.25517 0.246 0.2347

<0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
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WTP scores extrapolated to Poland using regression Kriging method
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HQYVR a0SLI NBladzZ day
decompose thestimated WTP using Gisaracteristics

¢ 7 regressions (1 for each attribute)vmichWTPexplained by the
same Gl8ariables

¢ Spatialag models for conditional expected values of random
parameters from locatiospecific MXL and individuspecificMXL



GIS data

¢ Information onlocal forest characteristics:
¢ CORINE Land Codataset

¢ Polish Information System of St&terests (ery precise data about the
characteristics of forests Poland)

Area of coniferous forests Sum of areas of all coniferous forests{km
Area of deciduous forests Sum of areas of all deciduous forestsqkm
Area of mixed forests Sum of areas of all mixed forests fkm

Average Euclidean distance to forest It is average distance from any point in 10x10 km
square to the nearest forest

Area of forests with age > 120 Sum of areas of all forests older than 120 yeard]||

: : Sum of areas of all forests with no. of tree species
Area of forests with no. of species >
greater than 6 [kifj
Builtup area Builtup area [k




GlSand SD data used as explanatory variable

GIS variables Sociedemographic variables
Mean St. Dev.m Mean St. Dev.

Area of coniferous forests 11.3202 13.3060 s [- 44.2957 16.0257

Area of deciduous forests 4.2290 3.9805 | - le|al=ip =elileciiloly 0.2288 0.4203

Area of mixed forests 6.5767 6.1084 3.2777 0.9984

N L RPN 0.0586 1.3336 esbebtbendrustall 2.4076 4.5873
last 12 months

ﬁ,‘f{?ﬁ; teuc"dean SEENEEE ) 3078 9ggo] SR SRUEE BRI o 506 eo Eacg

Bulitup area 195532 19.3520 -~ 04216 04941

Area of forests with no. of .
species > 6 5.9285 7.1911 | Slellsclqlellel s 2.9501 1.3811

forests in last 12 months



Spatial distribution of forest characteristics
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Bayesian posterior mean WTP from the location
specific MXL model regressed on &1& SD variables
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Constant

Area of coniferous

Area of deciduous

forests

forests

Area of mixed forests

Average Euclideadistance

Higher education

Income

No. of forests visited16g)

No. of trips to forests lpg)
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12.69***
-0.08***
-0.45%**
0. 25+
1.27%**
-7
-0.10***
0.91%**
1.96***
0.59***
0.21%**

0.0203

17.81***
-0.12%**
-0.66***
0,37+
1.86***
-2.63%**
-0.14***
1.35%**
2.88***
0.85***
0.21%**

5.02%**
-0.12%**
_0.08***
0.30**
-0.50***
-0.02***
-0.75**
0.48***
0.52%**

0.37*%**

Model characteristics

0.0187

0.0256

7.29%**
-0.19***
-0.13%**
0.48**
-0.76***
-0.04***
-1.11**
0.71%**
0.87***

0.37%**

0.0239

10.86***
-0.08**
-0.41***
-0.24***
1.11%**
-1.72%%*
-0.07***
-1.46*
1.17%%*
1.39%**
0.58**
0.35***

0.0234

17.25***
-0.14***
-0.71%**
~0.40***
1.93***
-2.87%**
-0.11%**
-2.33*
1.91%**
2.32%%*
1.06***
0.33***

0.0198



Did this help?
Are individual WTBcores spatiallgutocorrelate®

(passive (passive (the amount  (the amount (tourist (tourist
protection of protection of of litter in of litter in infrastructure infrastructure
most valuable most valuable  forestsg forestscg C partial ¢ substantial

forestsg forestsg partial substantial improvement) improvement)

partial substantial improvement) improvement)

improvement) improvement)

30.940 33.087 112.757 110.810 94.180 83.064

<0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001



Geographicallyweightedregression

¢ Geographically weighted regresslmelongs tahe general class of
af 20 ffe SadAYlI SR Y2RSTt &

¢ Rationale: while estimating a model for one location, take into account
(distanceweighted) data from other locations; separate models for different
locations but each time all data is used

¢ It recognizes nonlinear relationships with respect to spdimaénsions

¢ Relationshifpetween analyzed variables may be highly nonlinear and, therefore, is
difficult to determine it parametrically

¢ Early applicationsasedsolely on linear locahodels

¢ Theywere used for analysis oforbidity, house pricalata,economicgrowth,
school performancandurbantemperatures

¢ Inthe context of noAmarketvaluation¢ hedonicprice models of houserices



Geographically weightezhoice models

¢ In the choice models contegtuseweighted maximum likelihood
estimators forinference (locdikelihoodmodels)

¢ Rationale is the samerhile estimating a model for one location, take into account (distance
weighted) data from other locations; separate models for different locations but each time all
data isused

¢ Estimation differs (weighted maximum likelihood)

¢ Earlier applications of locatigtimated models

¢ They were used toecover WTP distributiomon-parametrically, tanalyze
behavioral tendencies such as the implications of progpecty,andanalyze
preference dynamics

¢ We use localliscrete choice models to analyze spdteterogeneity

¢ We aim at explorinthe advantages and limitations of this approach in the
context of understanding the spatial heterogeneity of environmeatiales



Geographically weighted multinomiagit model

¢ Standard MNL model
¢ Estimated in WT-Bpace

¢ TheGWMNL model is conducted by estimatitgt 2 Ol f Q
models
¢ Lis a number of distindbcations

¢ In our case, 25d8istinct locations of respondents (unique postal
codeg

¢ Estimatedvia the weighted maximum likelihoatethod

WL=3 & (Lay, Long, b)iog( L)

n=l j %

c/ (Lat Long,, b |) ¢ geographical weight (kernelvhich dependsn latitude
YR 2y 3AlGdzRS 2'-Fbv9\h¢fR7a®7ORdZIffSRymaKSf 2P0 I (/7
and the location for which the local model is estimated



The choice of kernel (does not matter much)

¢ A fewfunctional forms of (§ proposedin theliterature
¢ We usethe Gaussian kernel defined:

[ Lat, - Lat)” {Long, Long)’
b2
¢ Simplyan exponential function of minus half of squared Euclidean distance of

individuainQa f 2 OF U A 2 MividetlBy Yhe $q2afe lofithe Bayidwidth
parameter

¢ We also tried different weighting functions, such as the spatially
varyingkernel:
a R,

/ (Lat,, Long,, b |) = expae-—

/ (Lat,, Long,, b |) = expee -0.5

¢ Where R, | is the rank of thex-th location froml -th location,in terms of the
distancen'is froml

¢ Theresults were not much different from the Gausstamel



The choice abandwidth(doesmatter a lot)

¢ Thechoice of bandwidth may have a greater impact on the results than the
choice of a specific weighting scheriheggerau2007)

¢ Severamethods for choosing the bandwidth parameter available in the
literature, with no apparent domina@aipproach

¢ We tried:
1. CorrectedAkaikelnformationCriterion(DekkerKosterand Brouwer 2014
2. Thelowest bandwidth for which all local modetnverge
3. Leaveone-individuatout crossvalidation criterion FotheringhamBrunsdomand
Charlton, 20038

¢ To evaluate them, we used simulated data which utilized the designs utilized
In ourstudy

¢ Conclusionthe available methodare unsatisfactory and lead either under
or oversmoothing(Kosterand Kostey 2015)

¢ So we used th# S-8 5t fapprpagXosterand Kostey 2015:

¢ Choosdhe lowest bandwidth for which the model estimates satisfy a s&t of
priori specified conditions (e.g., achieving identification of all the models or
avoiding extreme estimatgs




Comparison of the approaches

Traditional2-step
approach

¢ Spatial correlation
accommodated indirectly

¢ Individualspecific resultsan
Include different sources of
unobserved preference
heterogeneity

¢ Needto assume parametric
distribution of populatiodevel
parameters

Geographically weighted
multinomial logit model

¢ Spatial correlation
accommodated directly

¢ Individualspecificresults
account for spatial heterogeneity
only

¢ Noneed to specify a distribution
from which the parameters are
drawn (nonrparametric
approach)



Summarystatistics of the estimated parameters
for the GWMNLmModels (EUR/year)

(alternative specificconstantfor the no-choicealternative)

COSTpreferencespaceequivalent)
(annualcost¢ tax increase)

15,71 %%
[0.12]
23,07+
[0.18]
28,30+
[0.20]
37.85++*
[0.27]
12,71 %%
[0.09]
20.60***
[0.13]
39,37+
[0.38]
0.05%**
[0.00]

Std. Dev.

6.87+**
[0.17]
10.01%**
[0.25]
11.02%**
[0.23]
14,75+
[0.36]
5.1 2%
[0.10]
8.29%**
[0.15]
26.20%+
[0.45]
0.02%+*
[0.00]



Location andindividuaispecific MXimodel
results EUR/yegrc again (for comparison)

coef Mean Std. Dev. Mean Std. Dev.
14.83*** 11.79*** 7.61%** 9.89*** 11.86***
21.82*** 16.86*** 12.17%** 13.54*** 17.35%**
26.66*** 17.44%** 8.33*** 11.55*** 12.88***
35.67*** 25.23*** 14.13*** 17.68*** 21.48***
12.14%** 8.26*** 4.58*** 6.23*** 6.14***
19.55%** 12.11%** 6.51*** 8.63*** 8.61***
37.24%** -3.24*** 43.27*** -13.74*** 30.90***
0.05*** -2.24*** 0.70*** -1.57%** 1.09%**
-29,708.27 -22,632.30 -17,169.76
2.2836 1.7426 1.3228

8 44 44



Comparison of the WTP results

¢ Different approaches can lead to significant changes:
¢ Location and individuakpecific MXk, lowermean WTP values than
the GWMNL
¢ SQparameterappeardo have a reversesign

cWhy?
1. Notallowing for spatial correlation in the specification of the MXL
model may lead to biasaexstimates GWMNLsuperior)

2. Theassumption of the MNL model form of local models in GWMNL
may not bgustified (e.g., wassume independence of ert@rms
C likelyto not be true for noASQalternatives; MXL superior)

3. Distributionalassumptions of the MXhodel (cost*scal@arameter
log-normally distributed, margin&VTP distributionall normally
distributed; theGWMNL model is a nggarametric approach and
thus makes no sudmssumptions, superior)



Correlationbetween the WTP estimates
the GWMNL models. theposterior means from the
iIndividuaispecific and locatieapecific MXL models

Pri‘;"jrj;_” { LIS N) Mann Pri"("jrjgt_” { LISF N) Mann
P rank Whitney P rank Whitney
moment . moment :

) correlation U test ) correlation U test
correlation correlation
0.34*** 0.31*** 850,540** 0.14*** 0.14*** 849,40F**
0.37*** 0.34*** 829,556** 0.17*** 0.17*** 835,692**
0.27*** 0.31*** 702,578** 0.03 0.05 643,904**
0.31*** 0.34*** 754,9793** 0.09*** 0.10*** 726,605**
0.35*** 0.35*** 761,014** 0.04 0.03 694, 666**
0.32*** 0.37*** 718,04 F** 0.02 0.04 638,309**
0.28*** 0.31*** 728, 74TF** 0.16*** 0.12*** 557,149**

¢ Correlationcoefficients are positive, although they are lower than one
could havéhoped



Spatial distribution of differences between WTP estimates
from GWMNL and conditional expected valfres
locationspecificMXL
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