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Spatial patterns of preferencesfor environmental goods

ςPreferences for environmental goods likely to display spatial patterns

ςWhy? 
ςDifferences in the spatial configuration of goods
ςAvailability of substitutes
ςPeoplesΩ ǇǊŜŦŜǊŜƴŎŜǎ ŀŘŀǇǘ ǘƻ ǘƘŜƛǊ ƭƻŎŀƭ environments
ςResidential sorting

ςSo what?
ςInformation on spatial distribution of preferences / welfare measures provides 

important information for improving the economic efficiency of land 
management
ςA source of observed preference heterogeneity that can be accounted for

ςWe want to be able to investigate spatial patterns in stated and 
revealed preferences for environmental goods

ςΨ¢ǊŀŘƛǘƛƻƴŀƭΩ ǾǎΦ ΨƴŜǿΩ ƳŜǘƘƻŘ όƎŜƻƎǊŀǇƘƛŎŀƭƭȅ weighted choice models)



Case study ςpublic preferences over management 
options for national forests in Poland

ςAttributes used to describe future management options
1. Passive protection of the most ecologically valuable forests

2. Reducing the amount of litter (garbage, rubbish) in forests through tougher 
law enforcement and by increasing forest cleaning services

3. Increasing the level of recreational infrastructure, such as improved 
signposting of forest trails

4. Cost

5. No change (status quo)

ςRepresentative sample of 1001 Poles
ς253 distinct locations

ς4 alternatives per choice task

ς26 choice tasks per respondent





Respondents and forest area spatial distribution



The baseline for the comparison ς
traditional 2-step approach

1. Use mixed logit choice models (e.g., latent class, random parameters) to 
retrieve individual-specific conditional distributions
ςEvery individual has a separate, independent set of parameters

ςIndividual parameters are not directly observed but we know: 
(1) population-level estimates of parameter distributions

όнύ ŜŀŎƘ ƛƴŘƛǾƛŘǳŀƭΩǎ ŎƘƻƛŎŜǎ

ςIt is possible to estimate their individual-specific values using the Bayes theorem

2. Use the predicted (expected) individual-specific parameters as dependent 
variables in spatial lag / spatial error/ spatial Durbin model etc.
ςSimple (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 geographically-defined clusters are included

ςAllows for correlations between nearby locations

ςGIS and socio-demographic explanatory variables are used



Location- and individual-specific MXL model 
results (EUR/year)

Variable
MNL model Location specific MXL model Individual specific MXL model

coef. Mean Std. Dev. Mean Std. Dev.

NAT1 14.83*** 11.79*** 7.61*** 9.89*** 11.86***

NAT2 21.82*** 16.86*** 12.17*** 13.54*** 17.35***

TRA1 26.66*** 17.44*** 8.33*** 11.55*** 12.88***

TRA2 35.67*** 25.23*** 14.13*** 17.68*** 21.48***

INF1 12.14*** 8.26*** 4.58*** 6.23*** 6.14***

INF2 19.55*** 12.11*** 6.51*** 8.63*** 8.61***

SQ 37.24*** -3.24*** 43.27*** -13.74*** 30.90***

COST 0.05*** -2.24*** 0.70*** -1.57*** 1.09***

Model characteristics

LL -29,708.27 -22,632.30 -17,169.76
AIC/n 2.2836 1.7426 1.3228
k 8 44 44



Are individual WTP-scores spatially 
autocorrelated?

NAT1 NAT2 TRA1 TRA2 INF1 INF2

(passive 
protection of 
most valuable 

forests ς
partial 

improvement)

(passive 
protection of 
most valuable 

forests ς
substantial 

improvement)

(the amount 
of litter in 
forests ς
partial 

improvement)

(the amount 
of litter in 
forests ς

substantial 
improvement)

(tourist 
infrastructure 
ςpartial 

improvement)

(tourist 
infrastructure 
ςsubstantial 

improvement)

aƻǊŀƴΩǎ I 
statistic

0.1519 0.1563 0.25601 0.25517 0.246 0.2347

p-value <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001



[ŜǘΩǎ ƘŀǾŜ ŀ ƭƻƻƪΥ 
WTP scores extrapolated to Poland using regression Kriging method

NAT1 INF1

TRA1 SQ1



нΩƴŘ ǎǘŜǇ ǊŜǎǳƭǘǎΥ
decompose the estimated WTP using GIS characteristics

ς7 regressions (1 for each attribute) in which WTP explained by the 
same GIS variables

ςSpatial lag models for conditional expected values of random 
parameters from location-specific MXL and individual-specific MXL



GIS data

ςInformation on local forest characteristics:
ςCORINE Land Cover dataset

ςPolish Information System of State Forests (very precise data about the 
characteristics of forests in Poland)

Variable name Description

Area of coniferous forests Sum of areas of all coniferous forests [km2]

Area of deciduous forests Sum of areas of all deciduous forests [km2]

Area of mixed forests Sum of areas of all mixed forests [km2]

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 years [km2]

Area of forests with no. of species > 6
Sum of areas of all forests with no. of tree species 

greater than 6 [km2]

Built-up area Built-up area [km2]



GIS and SD data used as explanatory variables

GIS variables Socio-demographic variables

Name Mean St. Dev. Name Mean St. Dev.

Area of coniferous forests 11.3202 13.3060 Age 44.2957 16.0257

Area of deciduous forests 4.2290 3.9805 Higher Education 0.2288 0.4203

Area of mixed forests 6.5767 6.1084 Income 3.2777 0.9984

Area of forests with age >120 0.9586 1.3336
No. of forests visited in 
last 12 months

2.4076 4.5873

Average euclidean distance to 
the forest

1.3075 0.8921
Number of trips to the 
forests in last 12 months

49.4276 68.5458

Bulit-up area 19.5532 19.3520 Sex 0.4216 0.4941

Area of forests with no. of 
species > 6

5.9285 7.1911 Household size 2.9501 1.3811



Spatial distribution of forest characteristics

coniferous deciduous mixed

age> 120 species > 6



Bayesian posterior mean WTP from the location-
specific MXL model regressed on GIS and SD variables

NAT1 NAT2 TRA1 TRA2 INF1 INF2

Constant 12.69*** 17.81*** 5.02*** 7.29*** 10.86*** 17.25***

Area of coniferous forests -0.08*** -0.12*** - - -0.08** -0.14***

Area of deciduous forests -0.45*** -0.66*** -0.12*** -0.19*** -0.41*** -0.71***

Area of mixed forests -0.25*** -0.37*** -0.08*** -0.13*** -0.24*** -0.40***

Area of forests with age >120 1.27*** 1.86*** 0.30** 0.48** 1.11*** 1.93***

Average Euclidean distance -1.77*** -2.63*** -0.50*** -0.76*** -1.72*** -2.87***

Age -0.10*** -0.14*** -0.02*** -0.04*** -0.07*** -0.11***

Higher education - - -0.75** -1.11** -1.46* -2.33*

Income 0.91*** 1.35*** 0.48*** 0.71*** 1.17*** 1.91***

No. of forests visited (log) 1.96*** 2.88*** 0.52*** 0.87*** 1.39*** 2.32***

No. of trips to forests (log) 0.59*** 0.85*** - - 0.58** 1.06***

ˊ 0.21*** 0.21*** 0.37*** 0.37*** 0.35*** 0.33***

Model characteristics

R2 0.0203 0.0187 0.0256 0.0239 0.0234 0.0198



Did this help? 
Are individual WTP-scores spatially autocorrelated?

NAT1 NAT2 TRA1 TRA2 INF1 INF2

(passive 
protection of 
most valuable 

forests ς
partial 

improvement)

(passive 
protection of 
most valuable 

forests ς
substantial 

improvement)

(the amount 
of litter in 
forests ς
partial 

improvement)

(the amount 
of litter in 
forests ς

substantial 
improvement)

(tourist 
infrastructure 
ςpartial 

improvement)

(tourist 
infrastructure 
ςsubstantial 

improvement)

LMstatistic 30.940 33.087 112.757 110.810 94.180 83.064

p-value <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001



Geographically weighted regression

ςGeographically weighted regression belongs to the general class of 
άƭƻŎŀƭƭȅ ŜǎǘƛƳŀǘŜŘέ ƳƻŘŜƭǎ
ςRationale: while 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 is used

ςIt recognizes nonlinear relationships with respect to spatial dimensions
ςRelationship between analyzed variables may be highly nonlinear and, therefore, is 

difficult to determine it parametrically

ςEarly applications based solely on linear local models
ςThey were used for analysis of morbidity, house price data, economic growth, 

school performance and urban temperatures

ςIn the context of non-market valuation ςhedonic price models of house prices



Geographically weighted choice models

ςIn the choice models context ςuse weighted maximum likelihood 
estimators for inference (local likelihood models)
ςRationale is the same: while 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 is used

ςEstimation differs (weighted maximum likelihood)

ςEarlier applications of locally estimated models 
ςThey were used to recover WTP distribution non-parametrically, to analyze 

behavioral tendencies such as the implications of prospect theory, and analyze 
preference dynamics

ςWe use local discrete choice models to analyze spatial heterogeneity
ςWe aim at exploring the advantages and limitations of this approach in the 

context of understanding the spatial heterogeneity of environmental values



Geographically weighted multinomial logit model

ςStandard MNL model

ςEstimated in WTP-space

ςThe GWMNL model is conducted by estimating LΨƭƻŎŀƭΩ 
models
ςL is a number of distinct locations

ςIn our case, 253 distinct locations of respondents (unique postal 
codes)

ςEstimated via the weighted maximum likelihood method

ς ςgeographical weight (kernel), which depends on latitude 
ŀƴŘ ƭƻƴƎƛǘǳŘŜ ƻŦ ƛƴŘƛǾƛŘǳŀƭ ƴΩǎ ƭƻŎŀǘƛƻƴΣ b which ƛǎ ŎŀƭƭŜŘ ǘƘŜ ΨōŀƴŘǿƛŘǘƘ ǇŀǊŀƳŜǘŜǊΩ 
and the location l for which the local model is estimated
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The choice of kernel (does not matter much)

ςA few functional forms of   proposed in the literature
ςWe use the Gaussian kernel defined as:

ςSimply an exponential function of minus half of squared Euclidean distance of 
individual nΩǎ ƭƻŎŀǘƛƻƴ ŦǊƻƳ ƭƻŎŀǘƛƻƴ l divided by the square of the bandwidth 
parameter

ςWe also tried different weighting functions, such as the spatially 
varying kernel:

ςWhere         is the rank of the n-th location from l-th location, in terms of the 
distance n is from l
ςThe results were not much different from the Gaussian kernel
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The choice of bandwidth (does matter a lot)

ςThe choice of bandwidth may have a greater impact on the results than the 
choice of a specific weighting scheme (Fosgerau, 2007)

ςSeveral methods for choosing the bandwidth parameter available in the 
literature, with no apparent dominant approach

ςWe tried:
1. Corrected AkaikeInformation Criterion(Dekker, Kosterand Brouwer, 2014)
2. The lowest bandwidth for which all local models converge
3. Leave-one-individual-out cross-validation criterion (Fotheringham, Brunsdonand 

Charlton, 2003)

ςTo evaluate them, we used simulated data which utilized the designs utilized 
in our study

ςConclusion: the available methods are unsatisfactory and lead to either under 
or over-smoothing (Kosterand Koster, 2015)

ςSo we used the ΨŜȅŜ-ōŀƭƭƛƴƎΩ approach (Kosterand Koster, 2015):
ςChoose the lowest bandwidth for which the model estimates satisfy a set of a 

priorispecified conditions (e.g., achieving identification of all the models or 
avoiding extreme estimates)



Comparison of the approaches

Traditional 2-step 
approach

ςSpatial correlation 
accommodated indirectly

ςIndividual-specific results can 
include different sources of 
unobserved preference 
heterogeneity

ςNeed to assume parametric 
distribution of population-level 
parameters

Geographically weighted 
multinomial logit model

ςSpatial correlation 
accommodated directly

ςIndividual-specific results 
account for spatial heterogeneity 
only

ςNo need to specify a distribution 
from which the parameters are 
drawn (non-parametric 
approach)



Summary statistics of the estimated parameters 
for the GWMNL models (EUR/year)

Mean Std. Dev.

NAT1 15.71*** 6.87***

(passiveprotection of most valuableforestsςsubstantialimprovement) [0.12] [0.17]

NAT2 23.07*** 10.01***

(passiveprotection of most valuableforestsςpartial improvement) [0.18] [0.25]

TRA1 28.30*** 11.02***

(the amount of litter in forestsςpartial improvement) [0.20] [0.23]

TRA2 37.85*** 14.75***

(the amount of litter in forestsςsubstantialimprovement) [0.27] [0.36]

INF1 12.71*** 5.12***

(tourist infrastructureςpartial improvement) [0.09] [0.10]

INF2 20.60*** 8.29***

(tourist infrastructureςsubstantialimprovement) [0.13] [0.15]

SQ 39.37*** 26.29***

(alternativespecificconstantfor the no-choicealternative) [0.38] [0.45]

COST(preference-spaceequivalent) 0.05*** 0.02***

(annualcostςtax increase) [0.00] [0.00]



Location- and individual-specific MXL model 
results (EUR/year) ςagain (for comparison)

Variable
MNL model Location specific MXL model Individual specific MXL model

coef. Mean Std. Dev. Mean Std. Dev.

NAT1 14.83*** 11.79*** 7.61*** 9.89*** 11.86***

NAT2 21.82*** 16.86*** 12.17*** 13.54*** 17.35***

TRA1 26.66*** 17.44*** 8.33*** 11.55*** 12.88***

TRA2 35.67*** 25.23*** 14.13*** 17.68*** 21.48***

INF1 12.14*** 8.26*** 4.58*** 6.23*** 6.14***

INF2 19.55*** 12.11*** 6.51*** 8.63*** 8.61***

SQ 37.24*** -3.24*** 43.27*** -13.74*** 30.90***

COST 0.05*** -2.24*** 0.70*** -1.57*** 1.09***

Model characteristics

LL -29,708.27 -22,632.30 -17,169.76
AIC/n 2.2836 1.7426 1.3228
k 8 44 44



Comparison of the WTP results 

ςDifferent approaches can lead to significant changes:
ςLocation- and individual-specific MXL ςlower mean WTP values than 

the GWMNL

ςSQ parameter appears to have a reversed sign

ςWhy?
1. Not allowing for spatial correlation in the specification of the MXL 

model may lead to biased estimates (GWMNL superior)

2. The assumption of the MNL model form of local models in GWMNL 
may not be justified (e.g., we assume independence of error terms 
ςlikely to not be true for non-SQ alternatives; MXL superior)

3. Distributional assumptions of the MXL model (cost*scale parameter 
log-normally distributed, marginal WTP distributions all normally 
distributed; the GWMNL model is a non-parametric approach and 
thus makes no such assumptions ςsuperior)



Correlation between the WTP estimates 
the GWMNL model vs. the posterior means from the 
individual-specific and location-specific MXL models

ςCorrelation coefficients are positive, although they are lower than one 
could have hoped

MXL location-specific MXL individual-specific

Pearson 
product-
moment 

correlation

{ǇŜŀǊƳŀƴΩǎ 
rank 

correlation

Mann-
Whitney 
U test

Pearson 
product-
moment 

correlation

{ǇŜŀǊƳŀƴΩǎ 
rank 

correlation

Mann-
Whitney 
U test

NAT1 0.34*** 0.31*** 850,540*** 0.14*** 0.14*** 849,407***
NAT2 0.37*** 0.34*** 829,556*** 0.17*** 0.17*** 835,692***
TRA1 0.27*** 0.31*** 702,578*** 0.03 0.05 643,904***
TRA2 0.31*** 0.34*** 754,979*** 0.09*** 0.10*** 726,605***
INF1 0.35*** 0.35*** 761,014*** 0.04 0.03 694,666***
INF2 0.32*** 0.37*** 718,047*** 0.02 0.04 638,309***
SQ 0.28*** 0.31*** 728,741*** 0.16*** 0.12*** 557,149***



Spatial distribution of differences between WTP estimates 
from GWMNL and conditional expected values from 
location-specific MXL

NAT1 TRA1

INF1 SQ


