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A B S T R A C T   

Researchers and policymakers seek a better understanding of the social demand for agri-environmental public 
goods (PGs), that, being nonmarket goods, are usually valuated by means of stated preference methods by 
eliciting people’s willingness to pay (WTP). In actual policy design, benefit transfer (BT) is often preferred to 
novel surveys which are expensive and time demanding. Common BT approaches are value and function transfer 
that can provide good estimates of the mean WTP but disregard the heterogeneity of the individuals’ preferences. 
The WTP distribution is thus flattened, leading to a misrepresentation of the PG demand. The objective of this 
paper is to improve BT in its ability to reproduce the actual WTP distribution at the policy site by means of the 
non-parametric micro Statistical Matching. We use this novel approach to transfer individual WTP values for soil 
erosion and carbon sequestration elicited by contingent valuation on people living in Emilia-Romagna, Italy. 
Comparing the results with the ones of value and function transfers, our approach outperforms the others, 
reflecting the actual WTP distribution and lowering the benefit transfer errors. In this way, BT can better support 
policymakers in designing new agri-environmental policy instruments, more targeted towards specific demand 
segments and hence with higher cost-effectiveness.   

1. Introduction 

European Union (EU) policymakers envision a re-thinking of the 
formulation of the agri-environmental measures of the Common Agri
cultural Policy (CAP). This process goes, above all, in the direction of a 
stronger focus on specific instruments, such as result-based, collective 
and value chain incentives, requiring a better understanding of the so
cial demand for public goods (PGs). 

Since the 90s, the CAP has allocated large parts of its funds to the 
provision of agri-environmental-climate PGs, with an estimated 30% of 
the CAP Rural Development Programs budget allocated to agri- 
environmental-climate payments in the programming period 
2014–2020. However, despite this financial effort there is still a strong 
debate about the actual effectiveness and efficiency of these measures 
[1–3]. Their traditional design is a flat payment to farmers committing 
to given environmental-friendly practices, where the amount of the 
payment is supposed to cover the (average) sum of additional cost, 
forgone income and transaction costs resulting from the implementation 
of these practices. The proposal for the 2021–2027 CAP envisions a 

greater role for the demand side of the PGs (i.e. the societal value) as 
well as a more tailored design, adapting the common framework to 
locally heterogeneous needs and considering several policy instruments, 
among which result-based and/or collective payments, new 
market-related instruments, etc. [4]. This will finally result in a shift 
from compliance to performance in the CAP design, with an expected 
remarkable improvement in the effectiveness and efficiency of public 
expenditure. 

In economic terms, a more accurate design of all these instruments 
requires a more analytical understanding of costs and benefits, by 
explicitly addressing the differentiation of benefits across the benefi
ciary population and the differentiation of costs across farms. On the one 
hand, this would allow a clearer identification of the cases with higher 
net benefit from public expenditure. On the other hand, this would help 
to better determine the incentives to active participation of different 
(segments of) actors, also considering that these measures are mostly 
voluntary. Focusing on the demand side, this implies a better assessment 
of the society’s willingness to pay (WTP) for PGs and its differentiation 
across different individuals or groups as well as different areas. 
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The main challenge in assessing the demand for PGs is the lack of 
market prices for most of them due to their peculiar nature of nonmarket 
goods [5]. This means that PGs are almost never part of formal markets 
and their provision occurs outside these latter [6] fostering the devel
opment of the stated preference methods to quantify (i.e. estimate) a 
price for the PGs provision. Stated preference methods elicit the WTP 
through either contingent valuation [7] or choice experiments [8]. In 
the context of agri-environmental studies, these methods have been 
extensively used [9] to evaluate e.g. water quality [10], biodiversity 
[11], landscape features [12], and other PGs. 

Considering that primary evaluations are expensive and time- 
consuming, in the last two decades there has been an increasing ten
dency to resort to use benefit transfer (BT) [13] rather than designing 
and fulfilling ex-novo experiments to elicit the WTP. Indeed, BT allows 
to transfer the WTP from existing studies (study sites) to the policy site of 
interest. According to Ref. [14], the two most applied BT approaches are 
value and function transfer. The former uses a measure of central ten
dency of the WTP distribution such as the mean or the median WTP, 
transferring it by eventually adjusting for the policy site characteristics. 
Function transfer is based on the estimation of the WTP function at the 
study site and on the subsequent transfer of the estimated coefficients at 
the policy site where the WTP is predicted using independent variables 
from secondary data. There is a third approach based on meta-analysis 
that lacks of a well-recognized validity [15,16] being relatively unex
plored [6]. Moreover, Ref. [6] stress that the BT literature suggests to 
apply meta-analysis only for sub-national transfers due to the fact that 
transfers at higher levels should be considered unreliable. The focus of 
this paper is on the first two approaches. 

The relative validity of value or function transfer depends on several 
aspects with respect to which the literature on the topic is not conclusive 
[17,18]. First, the transfer validity depends on the consistency and ac
curacy of the original WTP estimates. In this prospect the use of choice 
experiments or contingent valuation matters, with differences in the 
elicitation methods resulting in differences in the estimates validity 
[19]. Choice experiments are commonly believed to better include in the 
PGs valuation both the marginal changes in the good and the site 
characteristics and thus should be preferred for BT [20]. Nevertheless, 
practitioners use contingent valuation more than choice experiments 
due to its simpler applicability and broader scope [21]. In addition, the 
most recent literature in stated preference methods promotes the use of 
contingent valuation [22]. This is due to the fact that: 1) the structure of 
the choice options is often complex and very study site-specific, thus 
hardly or not easily qualified for BT and, 2) contingent valuation is often 
more robust and accurate in terms of the elicited WTP. Transferring WTP 
values elicited by contingent valuation also tends to result in lower 
transfer errors compared to the values transferred from choice experi
ments [23,24]. Second, the relative validity of the transfer depends on 
how much the utility function is adapted to the policy site characteris
tics. Then, function transfer should be better equipped to represent the 
heterogeneity of the individuals’ preferences than value transfer. 
However, validity and accuracy of function transfer are often unsatis
factory and this approach can produce extremely large transfer errors 
(up to 7500%) [25]. Finally, how to properly reproduce the preferences 
heterogeneity at the policy site is still an unsolved BT challenge: 
choosing a functional form often leads to misrepresent the WTP distri
bution [13]. 

Considering that BT addresses a specific problem of missing infor
mation [25], we propose to use data integration methods to tackle this 
problem. To the best of our knowledge, no data integration method has 
never been applied to BT and we propose to use Statistical Matching 
(SM) that is one of the most recently developed methods for data inte
gration [26]. SM is characterized by either a parametric (model-based) 
or a non-parametric approach. This latter outperforms parametric SM (e. 
g. regression and log-linear methods) in predicting the missing infor
mation [27]. Its main advantage is that it uses only “live” (or “real”) 
observed values allowing to avoid the issues related to the a priori 

definition of any functional forms. In other words, by applying the 
non-parametric SM we do not have to specify any family distribution 
and/or estimate any model parameter. The missing values are 
substituted only by resorting to the available observed information such 
that any model mis-specification deriving from e.g. the assumption of 
linearity can be avoided. 

We propose the use of non-parametric micro SM for benefit transfer 
purposes: the Statistical Matching benefit transfer approach (SMBT). 
SMBT serves the main objective of this paper: to improve BT in its ability 
to reproduce the heterogeneity of the individuals’ preferences at the 
policy site and thus to properly reproduce the true WTP distribution. We 
validate SMBT and compare it with both value and function transfer in 
accordance with BT literature [25]. We transfer both the mean and the 
median WTP with value transfer while we apply the function transfer 
with both linear and Tobit model specifications. 

We apply all these BT approaches to the WTPs elicited for a local (soil 
erosion) and a global (carbon sequestration) agri-environmental PGs. 
The elicitation method used to estimate the WTP is contingent valuation, 
applied by means of an on-line survey to the people living in Emilia- 
Romagna region (Italy). We consider two different applications: in 
Application 1, the province of Bologna is the policy site while the rest of 
the Emilia-Romagna territory serves as study site. In Application 2, the 
province of Ferrara is the policy site while the rest of the provinces of 
Emilia-Romagna are the study site. These two applications are signifi
cant examples of the transfer results sensitivity to the degree of simi
larity between the study site and the policy site when traditional BT 
approaches are used. This common topic is debated by the BT literature 
that at various level agrees on the fact that the greater is the corre
spondence between the study and the policy sites, the smaller is the 
expected benefit transfer error [14]. We offer further insights into the 
fact that a close similarity between the sites is a necessary (but not 
sufficient) condition to obtain WTP estimates that are robust and 
consistent as well as accurate and valid. We stress that there are relevant 
differences in the way that the classic BT approaches and the proposed 
SMBT perform with respect to this degree of similarity. Indeed, SMBT 
performs well also when the differences between the sites increase while 
value and function transfer do not. Moreover, only SMBT allows to 
reproduce the whole WTP distribution at the policy site while value and 
function transfers can provide, at most, good estimates of the mean/
median WTP (or individual values clustered around the distribution 
mean). 

The proposal of such a novel approach to BT allows to: 1) preserve 
the heterogeneity of the actual individuals’ preferences at the policy 
site, 2) reproduce the actual WTP distribution as a whole and, 3) lower 
the benefit transfer error. With respect to the SM literature, this paper 
also enlarges the scope of the applications for such a method. Indeed, the 
non-parametric micro SM counts so far applications to household sur
veys and official administrative registers (see e.g. Refs. [28,29] and the 
references therein), Farm Accountancy Data Network (FADN) and Farm 
Structure Survey data referred to Italian farms [30] and Swiss farms [31] 
and FADN data and ad hoc surveys [32]. 

BT is usually carried out at an aggregate level with the mean/median 
WTP considered as a natural choice for the transfer. However, new av
enues for BT applications do exist, motivated by several considerations. 
First, misrepresenting the WTP distribution or disregarding its relevance 
by transferring a (yet meaningful) WTP value such as the mean or the 
median study site WTP is not simply a cosmetic problem. It has instead 
really important policy implications. For example, the transfer of an 
average WTP value can distort the reconstructed demand for PGs at the 
policy site. This is problematic especially if we consider the relevance of 
the WTP distribution tails, i.e. the sub-groups of individuals that have 
low or high WTPs. Not considering the whole WTP distribution and thus 
distorting the PGs demand at the policy site can lead policymakers to 
substantial errors in design and ranking priorities. This, in turn, leads to 
budget misallocation or mismatches in spatial targeting and it is even 
more troublesome whenever the policy measures, rather than targeting 
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the whole population are explicitly focused on small numbers of target 
beneficiaries that e.g. correspond to the higher WTP tail of the demand 
function. Second, from a practical point of view, data shortage is not 
necessarily an issue anymore. Indeed, both the increasing big data flood 
and the measures adopted by public institutions are progressively 
transforming such an issue in an addressable challenge. On the one 
hand, in the agri-environmental research field there has been a shift 
towards a big data application system that is fostering a massive pro
duction of several kinds of (raw) data that can be used for decision- 
making and many other purposes [33]. On the other hand, official sta
tistics is envisaging a system of recursive data integration that puts 
together the information from official and ad hoc surveys, research data, 
administrative registers, big data, etc. [34]. In addition, the EU with its 
research and innovation programme Horizon 2020 is promoting the 
production and use of open-access, re-useable, primary data sources. 
These criteria are acquiring importance such that the research funding is 
going to be bonded to them in the upcoming future [35]. These infor
mation opportunities do open to unexplored paths and, in such a 
context, SMBT can be profitably used in order to address also dis
aggregated exercises of BT. Clearly, these considerations are not limited 
to the agri-environmental research field but they involve all the cases 
where the elicitation of nonmarket goods is carried out by means of BT. 

The paper is structured as follows: in section 2 we review the state of 
the art in BT, discussing the actual approaches of value and function 
transfer, their pending challenges and the proposed SMBT. In section 3 
we present the results of Application 1 and Application 2, evaluating the 
benefit transfer errors produced and comparing the performances of the 
different methods. In section 4 we discuss the results while in section 5 
we conclude. 

2. Benefit transfer methodology 

2.1. Challenges and prospects 

Since the mid 90s, BT has been largely developed and ameliorated, 
with the main attention progressively switched from the pragmatic as
pects of its application to the more methodological ones, e.g. the transfer 
accuracy, the implications of specific modelling choices for the utility 
function, the development of more complex prediction methods for 
meta-analysis and/or for the synthesis of the existing data. 

The BT framework is structured upon the so-called “4 S” assumptions 
that guarantee the provision of consistent benefit estimates at the policy 
site: 1) separability, 2) specification, 3) sorting and, 4) selection [6]. 
Separability means that the individual utility is assumed to be separable 
in its unobserved components which in turn can be captured by the sites 
and the individuals’ characteristics observed by the available data. 
Specification concerns the correct definition and estimation of the 
preference function at the study site. It assumes that all the structural 
components of the utility function are such that the differences in 
function parameters capture the differences between the study and the 
policy sites. Sorting assumes that there is not any systematic variation in 
the unobserved preferences between the sites, such that potential vari
ations are explained by the observable differences in the observed de
mographic characteristics. Finally, selection assumes that relevant 
demographic data for the population of the policy site are availa
ble/accessible (i.e. data are not affected by selection problems). 

The state of the art in BT agrees on the fact that whereas there is no 
formal test for separability, this is likely to be valid for passive use values 
and we can use intuition to provide useful guidance in most of the oc
casions [6]. Neither sorting can be tested but there is agreement on the 
fact that: 1) it trivially holds whenever the study and policy sites are in 
the same geographic area and/or referred to the same time and, 2) 
transfers are related to unexpected events [6]. Specification is poten
tially testable in terms of the sensitivity of the results to the researcher’s 
modelling choices. However, there is no common agreement neither on 
the testing procedure to adopt nor on how to evaluate the results 

consistency. Only meta-analysis constitutes an exception: the wide
spread idea in BT literature is that such an approach systematically fails 
in dealing with specification assumption [6]. Finally, selection merely 
means that either you have data or not. 

Within this framework, value transfer is one of the most applied BT 
approaches by practitioners [36]. It transfers a statistically meaningful 
WTP value such as the mean or the median WTP from the empirical 
evidence of a study site to the policy site of interest, as Equation (1) 
depicts: 

ŴTPP
g =WTPS

g, (1)  

where g = 1, …, G indicates the g-th PG and the superscripts P and S 
indicate the policy and study sites, respectively. 

Value transfer exhibits large trade-offs between the simplicity of use 
and its accuracy. Being based on a point estimate that represents the 
central tendency of the WTP distribution, when we perform value 
transfer (either adjusting or not the estimates for the policy site features) 
we disregard the heterogeneity of the individuals’ preferences. If the 
specification assumption holds and hence the preference function is 
correctly specified at the study site, by using value transfer we implicitly 
adjust for differences between the sites [14]. Nevertheless, Ref. [17] 
assess that a central tendency measure for the WTP distribution is reli
able only as far as the study and the policy sites are very similar in terms 
of both PG features and socio-demographics characteristics. In addition, 
Ref. [24] highlight that such a situation does not occur in most of the BT 
applications while Ref. [37], investigating how much the degree of 
dissimilarity between the sites affects the appropriateness of value 
transfer, conclude that mean/median value transfer have to be used only 
when the study and the policy sites are really similar, otherwise function 
transfer has to be preferred. 

Function transfer consists in transferring a function that considers as 
much relevant information as possible referred to the specificities of the 
sites, with respect to both the PG features and the individuals’ charac
teristics. The first step of function transfer consists in estimating the 
WTP model coefficients for the g-th PG at the study site where the 
elicitation of the individuals’ preferences has been carried out, as 
Equation (2) depicts: 

ŴTPS
gj = f

(
βS
g, XS

gj

)
, (2)  

where ŴTPS indicates the estimated WTP for the g-th PG at the study site 
S with respect to the j-th individual. The WTP is obtained as a function of 
the estimated coefficients beta of the model and the characteristics of 
both the g-th PG investigated and the j-th individual considered (i.e. the 
covariates X). The second step consists in using the coefficients by 
applying them for transferring the WTP at the policy site: 

ŴTPP
gi = f

(
βS
g, XP

gi

)
, (3)  

where the transferred WTP value is a function of the previously esti
mated beta coefficients and the covariates X at the policy site. 
Depending on data availability, the application can concern households 
and/or target groups instead of individuals as well as it can resort to 
aggregated measures e.g. the mean household income rather than using 
covariates at the individual level [38]. 

Function transfer can be based on different specifications of the 
functional form [17,37] and more specific modelling can contribute to 
decrease the average benefit transfer error [18]. The Tobit model, for 
example, can be applied to exclude non-negative WTP values by means 
of a threshold, as Equation (4) depicts: 

̂WTPcPgi =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

̂WTPP
gi if WTPP

gi ≥ 0

0 otherwise

(4) 
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where ̂WTPcP
gi indicates the values of WTP greater than the threshold, 

related to the g-th PG and referred to the i-th individual at the policy site. 
As Ref. [37] point out, function transfer has two main drawbacks: 1) 

the function can be easily mis-specified and, 2) it can be easily 
over-parametrized, meaning that it can fit the study site data but it is 
inappropriate for the policy site sample. However Ref. [37], conclude 
that function transfer is generally better able to undertake transfers that 
consider properly the degree of heterogeneity between the sites, an 
aspect that plays a crucial role in the transfer results validity. Other 
authors claim that function transfer basically outperforms value transfer 
[40,41]. 

Beyond the empirical evidence that each author offers, Refs. [6,37, 
39] stress that the literature in BT is not coherent nor cohesive, being 
characterized by both a lack of agreement on the best performing 
transfer approach and a shared BT framework. We consider the 
above-mentioned issues as unsolved BT challenges, both from the 
methodological and the practical point of view. In this sense, a cautious 
approach is suggested also by the debate on the error produced by 
different BT methods. Usually, BT literature addresses the error of the 
transfer in terms of the percentage of Benefit Transfer Error (BTE) (we 
define and discuss BTE in details in section 2.3). Many authors highlight 
that the percentage of BTE produced by several value transfer applica
tions is equal to 45% (median BTE) and 140% (mean BTE) [13]. These 
BTE percentages are not lower than the ones produced by several 
function transfers, where the median percentage is 36% and the mean is 
65% but, considering the applications case-by-case, there is conflicting 
evidence about the approach that has to be elected as the “best per
forming one” [23], with e.g. extreme cases of BTEs of 900% for function 
transfer that exist. 

The main straightforward point remains, however, that value 
transfer cannot reproduce the whole WTP heterogeneity at the policy 
site. It can provide good/bad estimates of the mean or median WTP by 
transferring a (yet meaningful) representative value for the central 
tendency of the WTP distribution, but it cannot reproduce it as a whole. 
In terms of policy planning and adoption, this means that policymakers 
cannot design the policy to account for target-specific population groups 
with e.g. peculiar preferences and needs. In turn, this can cause draw
backs in terms of policy efficiency and effectiveness. Function transfer 
instead can reproduce the heterogeneity but limitedly to the chosen 
functional form and to the burdens deriving from the assumptions 
implied by the modelling choice. For example, when it comes to model 
linearity, function transfer flattens the individuals’ preferences hetero
geneity, finally distorting the WTP at the policy site and thus leading to 
similar drawbacks from the policy point of view. 

2.2. A novel approach: the Statistical Matching benefit transfer 

We propose a BT method that addresses these challenges being able 
to reproduce the heterogeneity of the individuals’ preferences and thus 
the whole WTP distribution at the policy site. Our approach also lowers 
the benefit transfer error compared to the traditional BT approaches. 
This is due to the fact that SMBT can be used to transfer individual values 
of WTP, meaning that the WTPs elicited for each person interviewed at 
the study site can be used to predict the WTPs of the individuals at the 
policy site, preserving the “real”, observed information. 

We propose to approach benefit transfer through Statistical Match
ing, as Equation (5) depicts: 

ŴTPP
gi =WTPS

gj* , (5)  

where the WTP is referred to the g-th PG observed in S for the j*-th in
dividual that is the most similar one in terms of socio-demographic 
characteristics to the i-th individual in P. Equation (5) depicts the gen
eral SMBT framework. The transfer of the WTP elicited (e.g. by means of 
contingent valuation) occurs between a study site observation (“the 

donor”) and a policy site observation (the “recipient”), after that these 
two have been previously paired according to the similarity in some 
observed characteristics collected by the covariates. 

The two fundamental components of the non-parametric micro SM 
(commonly called “hot deck” methods) are the distance functions and 
the techniques, with the pairing procedure being the core of such a 
method. The first element (distance function) determines the similarity 
(or closeness) between the individuals, formally defined as the distance 
in terms of the observed covariates. The second element (technique) is 
the procedure for the selection, for each individual of the policy site, of 
the most similar study site individual to be paired with, given the dis
tances previously defined. SM literature developed four techniques[42].1 

Three of them are based on distance functions.2 Among different po
tential combinations of techniques and distances, we chose the Con
strained Nearest Neighbor Distance (cnnd) with the Mahalanobis (ms) 
distance function. This choice is based on the findings and suggestions 
(about its better performance with respect to the others) in Ref. [44].3 

To formally describe the SMBT approach, say “matching variables” 
the covariates X used to assess the similarity between the study and 
policy site individuals, with X = {X1, ., Xl, ., XL}, being XlS a vector 
of dimension (nS × 1), XlP a vector of dimension (nP × 1). Superscripts 
S and P denote the study site and the policy site, respectively. Let be that 
we have several WTPs per each g-th PG, so that we define the set of 
variables WTPS = {WTPS

1, ., WTPS
g , ., WTPS

G}, being WTPS
g a vector of 

dimension (nS × 1). 
In order to compute the distance among the i-th and j-th observa

tions, we use a distance function. For the sake of simplicity, let be L = 1, 
i.e. we have a univariate (continuous) variable X that is jointly observed 
between the sites. For the sake of brevity, we refer to Ref. [43] for a 
generic definition of distance function, limiting us to define here the 
Mahalanobis distance, as Equation (6) depicts: 

Δms
ij =

∑L

l=1

(
XP
i − XS

j

)’
Σ− 1

XPXS

(
XP
i − XS

j

)
, (6)  

where the i-th and j-th observations are distant, with respect to the 
values of the l-th matching variable X, the amount Δ, that is equal to the 
sum of the differences between the recipient and donor units, weighted 
by the covariance matrix Σ of the chosen matching variable. 

Given this distance, the cnnd technique selects for each recipient the 
donor that is the closest in terms of the lowest aggregate distance among 
the distances between the i-th and j-th observations, constraint to the 
fact that, first, there can be only one donor for each recipient and, sec
ond, donors and recipients can be selected only within homogeneous 
sub-groups defined by the donation classes. These homogeneous groups 
of donor and recipient units are used to restrict the potential matched 
units’ pairs. Let be the widest potential set of donor and recipient units’ 
pairs defined as nnP

S , where nS and nP represent the number of individuals 
observed in S and P, respectively. Let be X1 and X2 two variables that are 
observed both in S and in P; if a donation class defined upon these two 

variables holds, the previous set can be restrained to: (nS
X1
)
nP

X1 + (nS
X2
)
nP

X2 .

The selection of the matching variables is a particularly cumbersome 

1 These techniques are the Nearest Neighbor Distance, the Constrained Nearest 
Neighbor Distance, the Random Distance and the Rank.  

2 There are several distance functions that can be used in the non-parametric 
SM approach and, among them, the default ones are the Manhattan, the 
Mahalanobis, the Gower and the Exact ones, as defined by Ref. [43].  

3 Coherently with the results of Ref. [44], the cnnd.ms combination is the best 
performing one even in the applications presented here. Indeed, we performed 
the SMBT by applying the Rank technique and all the possible combinations 
among the Nearest Neighbor Distance, Constrained Nearest Neighbor Distance 
and Random techniques and the Manhattan, Mahalanobis and Exact distances, 
substantiating the findings of [44]. For the sake of brevity, we show and discuss 
only the results of the best performing combination cnnd.ms. 
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issue. Counterintuitively, more information added (in terms of a greater 
number of matching variables selected) to compute the closeness of the 
respective units does not necessarily increase the power of the matching 
and does not add robustness [45]. The choice of the matching variables 
has to be careful and guided by both the specific literature on the 
research topic and fit-driven criteria. According to the state of the art in 
SM [46], we choose a multiple linear regression model in order to 
identify among all the covariates X the best predictors for the variable 
WTP that we want to transfer from the study to the policy site. 

We assume that XWTP (with XWTP⊆ X) is the minimum subset 
available in S of the variables X that explains the variable WTP in the 
best way among all the covariates X that are available both in S and P. 
Being the variables WTPS continuous, we look at their correlation with 
the potential predictors and at the adjusted R2 related to the regression 
model that explains the individuals’ WTP referred to a specific PG in 
terms of the observed characteristics of the individual [47]. Therefore, 
accordingly to the predictive power of the variables X on the variable 
WTP, we select the matching variables to be used, as Equation (7) 
depicts: 

WTPS
g = β0 + β1X1 + β2X2 + β3X3 + … + βlXl + … + βLXL, (7) 

With g = 1, 2, meaning that we define one multiple linear regression 
model for each WTP (one for each PG). The models can differ with 
respect to the number of predictors included in Equation (7). These are 
selected by means of a stepwise procedure in terms of the statistical 
significance of the coefficients, the R2, the adjusted R2 and the F-sta
tistics. Among all the predictors that the models have in common, we 
choose the most relevant ones looking at their statistical significance and 
at the hints from the economic theory. Following Ref. [46], we also 
select among the covariates X some categorical variables that are rele
vant according to the economic theory in explaining the dependent 
variables WTPS, using them to build the donation classes. 

2.3. Benefit transfer methods comparison 

In order to assess the validity of the different BT approaches, we 
consider the convergent validity criterion that is largely used in BT 
literature [6,22–25]. Since there is not a consensus on which approach 
to convergent validity has to be adopted [6], we choose to quantify the 
benefit transfer error as in Ref. [23] which is also computed by the most 
recent BT literature [16,17,36,37,48,49]. 

The BTE is computed as Equation (8) depicts: 
⃒
⃒
⃒%BTE

⃒
⃒
⃒=

̂[(
WTPP

gi

/
WTPP

gi

)
− 1

]
× 100, (8)  

where the numerator is the WTP transferred to the policy site from the 
study site and the denominator is the WTP elicited at the policy site, both 
referred to the g-th PG in relation to the i-th individual. Then, we 
consider a mean measure of BTE. 

In addition, considering that the BTE is referred to an average 
(relative) error [6] but we propose a BT approach that transfers indi
vidual WTP values, we include in the comparison procedure two other 
tools for the assessment of the BT validity: 1) the validation strategy 
proposed by Ref. [44] and, 2) the Hellinger index [50]. This choice is 
due to the fact that the BTE measures the error produced, on average, by 
BT. Whereas its minimization is a more than suitable goal to aim at, the 
main focus of the present paper is to investigate the ability of BT to 
reproduce the WTP heterogeneity at the policy site and to reflect the 
actual WTP distribution as a whole. Then, we are interested in investi
gating (and quantifying) the dissimilarity between the WTP distribu
tions: the actual one at the policy site and the one reconstructed by 
transferring the individual information from the study site. An average 
error minimization criterion cannot serve this purpose properly. 
Therefore, the assessment of the transfer validity is tackled by consid
ering the current BTE estimation procedure as benchmark but also the 

two tools derived from the data integration context. 
Finally, being that by SMBT we transfer individual WTP values and 

thus the whole WTP distribution, but also considering that we operate in 
a non-parametric framework, we calculate the empirical bounds of the 
transferred distributions. The empirical bounds give insights into the 
transfer uncertainty and they are determined by drawing 1000 random 
samples of the transferred distributions (i.e. of the individual WTP 
values) by randomly dropping out every time the 25% of the study site/ 
donor sample (leave-k-out strategy). 

3. Application and results 

3.1. Case study 

We transfer the WTPs elicited for soil erosion and carbon seques
tration, two relevant PGs provided by agriculture and forestry in the 
hilly and mountain areas of the Italian region of Emilia-Romagna. An on- 
line survey was carried out by a professional agency during December 
2016 targeting the regional population (based on residential quotas for 
age classes, gender and provinces), after having pre-tested it on a pilot. 

The contingent valuation method was used to elicit the WTP. Re
spondents were asked to answer to a single open-ended question for each 
PG, after having answered to several questions related to the areas and 
the goods under analysis. Hence, the elicitation protocol was based on 
the contextualization of each PG first, in terms of its general definition, 
second, in terms of the effect produced in the areas of interest and, third, 
in terms of their measurement (also providing information on the cur
rent level of provision). Preliminary work with agri-environmental au
thorities and regional stakeholders was dedicated to the appropriate and 
reasonable definition of each PG. The respondents were asked about the 
WTP for reaching, annually, the optimal level of soil erosion reduction 
and the optimal capacity of carbon sequestration. Moreover, re
spondents had to express a preference with respect to the payment 
mechanism to be employed for corresponding the WTP. Appendix A 
depicts the section of the questionnaire (translated in English from 
Italian) dedicated to the contingent valuation exercise. The question
naire included also 5-points Likert-scale attitudinal questions related to 
the respondents’ relation with the hilly and mountain areas of Emilia- 
Romagna, their perceptions on the relevance of the PGs under analysis 
and the main issues that they think are related to them. Respondents 
were also asked about their socio-demographic characteristics and in
formation on their household expenditures, e.g. the annual payment for 
a food basket, the current payment for the Land Reclamation Authority 
(LRA), etc. 

We identify two different applications of BT by ex-post dividing the 
whole sample of 1007 final valid respondents in two sites. Fig. 1 depicts 
the areas considered. In Application 1, the policy site is the province of 
Bologna while the study site is represented by the other provinces of 
Emilia-Romagna. In Application 2, the policy site is the province of 
Ferrara while the study site is represented by the other provinces of 
Emilia-Romagna. Table A1 and Table A2 show the summary statistics for 
the respondents’ samples considered in the two applications. 

Among the covariates observed for the two samples (listed in 
Table A3), we select the ones to include in the linear and censored Tobit 
models that are applied for function transfer. This choice is made ac
cording to which covariate the theory suggests to be (at least potentially) 
the determinants of the WTP [13,18,37]. The final models presented in 
sections 3.2.2 and 3.2.3 result from both theory-driven and fit-driven 
rationales. 

3.2. WTP transfer 

3.2.1. Value transfer 
In both Application 1 and Application 2, we apply value transfer 

transferring both the mean and the median WTP elicited in the two 
respective study sites. We stress that in both the applications no 
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statistically significant differences hold among the true mean or median 
WTPs at the policy site and the ones transferred from the respective 
study site. 

3.2.2. Function transfer: linear model 
The (final) multiple linear regression model selected for the function 

transfer of the WTP for soil erosion (in both the applications) is depicted 
by Equation (B.1) while Table B1 shows the coefficients of the models 
resulting from the two applications. The (final) multiple linear regres
sion model selected for the function transfer of the WTP for carbon 
sequestration (in both the applications) is depicted by Equation (B.2) 
while Table B2 shows the coefficients of the models. 

In Application 1, the models for both the PGs have a positive inter
cept (not statistically significant) while the most significant coefficients 
are related to the presence of a farmer in the family (household_farmer), 
the amount of payment for the LRA (lra_pay) and the preferred payment 
modality (how_wtp_pay). Being aware of the “soil erosion issue” and 
having personal connections with the hilly and mountain areas are 
highly correlated to the WTP, as expected. Both the beliefs that land 
abandonment positively affects soil erosion (aband_eros_p, i.e. that the 
abandonment of agricultural lands contributes to increase soil erosion) 
and that land abandonment negatively affects it (aband_eros_n, i.e. that it 
contributes to mitigate soil erosion) lead to an increase of the WTP for 
the PG. Finally, respondents that are involved in some peculiar activities 
in the hilly and mountain areas of the region, such as fishing, hunting 
and others recreational activities, show higher WTP for soil erosion. In 
Application 2, the models for both the PGs have very similar features 
compared to the models in Application 1 (sign, magnitude, statistical 
significance of the coefficients as well as the reasonably acceptable 
pseudo-R2). 

3.2.3. Function transfer: tobit model 
The (final) censored Tobit regression model selected for the function 

transfer of the WTP for soil erosion (in both the applications) is depicted 
by Equation (B.3) while Table B3 shows the coefficients of the models 
resulting from the two applications. The (final) censored Tobit regres
sion model selected for the function transfer of the WTP for carbon 
sequestration (in both the applications) is depicted by Equation (B.4) 
while Table B4 shows the coefficients of the models. 

In Application 1, the models for both the PGs show positive in
tercepts that are highly statistically significant. The presence of a farmer 
in the household is still highly significant with respondents that both pay 
more for the LRA and have a higher income, showing a higher WTP for 
soil erosion and carbon sequestration. In the model for soil erosion, older 
respondents tend to pay less for the PG. In Application 2, the models for 
both the PGs show positive intercepts that are highly statistically sig
nificant, with the presence of a farmer in the household that is highly 
significant as well as the amount of payment for the LRA and the income 
level (i.e. respondents with higher income and that pay more for LRA 

tend to have higher WTP for soil erosion and carbon sequestration). 

3.2.4. Statistical Matching benefit transfer 
The selection procedure of the matching variables to be used by 

SMBT is guided by the statistical significance of the determinants of the 
dependent variable (i.e. the WTP) of the multiple linear regression 
models on soil erosion and carbon sequestration, respectively. The two 
best-fitted linear models in terms of the coefficients and the pseudo-R2 

are chosen and, among the finally included predictors, we select two 
continuous variables (lra_pay and household_income) that are both rele
vant in the estimation of the PGs WTP as well as they are easily at 
disposal for the policymakers in real-life circumstances. The donation 
classes are defined by means of three dummy variables, namely: 
mount_house, gender and employ. They are used, as prescribed by the 
literature in SM [42], to define some homogeneous groups (with respect 
to the respondents’ residence in hilly and mountain areas, the working 
status and the gender) for the transfer. 

3.3. Comparison among the benefit transfer approaches 

Fig. 2 (A) shows the distribution of the WTP for soil erosion while 
Fig. 2 (B) shows the distribution of the WTP for carbon sequestration as 
they are reproduced at the policy site by means of the different BT 
methods in Application 1. 

Considering the WTP distribution as a whole, for both the PGs under 
analysis this results to be flattened around the mean/median WTP. This 
happens in all the approaches but the SMBT. In particular, function 
transfer with linear model specification implies two main potentially 
undesired features. First, we transfer also negative WTP estimates (i.e. 
individual WTPs for soil erosion and carbon sequestration that are below 
0€) whereas these values are not originally elicited at the study site. 
Second, the WTP values that are both close to 0€ (representing potential 
protesters and/or people that express an indifference or a really low 
interest with respect to the two PGs) and close to 300€ are largely 
underestimated. If the censored model allows us to avoid the first 
drawback, it does not reproduce the higher WTP values (i.e. the right 
tails of the WTP distributions). SMBT outperforms the other approaches 
in reproducing the original multimodal WTP distribution at the policy 
site, thus properly characterizing the WTP for the three groups of in
dividuals that, ideally: 1) do not pay or pay only a small amount of 
money, 2) do pay an average amount of money and, 3) do pay a lot. By 
applying SMBT we do not overestimate the WTP values close to the 
average WTP, as we do instead by means of function transfer (with both 
linear and Tobit model specifications). Therefore, the true heterogeneity 
of the individuals’ preferences at the policy site is not flattened while the 
really low and really high values of WTP are robustly estimated. 

Fig. 3 (A) and Fig. 3 (B) depict the quartiles of the WTP distributions 
for soil erosion and carbon sequestration, respectively, as they are 
reproduced at the policy site by means of the different BT methods in 

Fig. 1. Map of Emilia-Romagna region (Italy) with the areas under analysis.  
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Application 1. 
The boxplots depict the median WTP (bold vertical line within the 

box) as well as the first and third quartiles (lower and upper lines 
delimiting the box). The size of the box indicates the dispersion in the 
data at hand while the whiskers that extend from the box indicate the 
variability outside the first and third quartiles. Boxplots are non- 
parametric graphical devices particularly suitable to display the varia
tion of the sample without making any assumptions of the underlying 
statistical distribution. 

Considering the mean/median WTP, by means of value transfer, the 

transferred WTP for soil erosion is 60.58€ (mean) or 40€ (median) while 
the transferred WTP for carbon sequestration is 54.57€ (mean) or 30€ 
(median). Function transfer with linear model specification allows to 
transfer individual WTP values from which the resulting mean WTP is 
63.68€ (55.47€ the median) for soil erosion while for carbon seques
tration it is 57.69€ (49.42€ the median). Individual WTP values trans
ferred by function transfer with Tobit model specification bring to a 
mean WTP of 57.84€ (47.27€ the median) for soil erosion while for 
carbon sequestration it is 52.80€ (38.36€ the median). With SMBT the 
resulting mean WTP for soil erosion is 55.40€ (40€ the median) while it 

Fig. 2. Different benefit transfer methods compared in Application 1. (A) WTP for soil erosion. (B) WTP for carbon sequestration.  

Fig. 3. Boxplots of WTP distribution reproduced by different benefit transfer methods in Application 1. (A) WTP for soil erosion. (B) WTP for carbon sequestration.  
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is 49.73€ (30€ the median) for carbon sequestration. These average 
measures of WTP for both the PGs are not statistically significant 
different (at 10% for Tobit model specification, 5% for all the others) 
from the means originally elicited at the policy site (Bologna province). 
In this latter, the originally elicited mean WTP for soil erosion is 64.97€ 
(45€ the median) while for carbon sequestration it is 61.33€ (30€ the 
median), as Table A1 depicts. 

Fig. 3(A) and (B) show that: 1) mean value transfer as well as func
tion transfer (both linear and Tobit model specifications) flatten the 
reproduced WTP around the mean (while median value transfer flattens 
it around the second quartile); 2) the dispersion of the values between 
the first and the third quartiles is shrunk and, in the worst cases, it can be 
nullified (mean/median value transfer); 3) the variability of the WTP 
towards the higher values (right whiskers) is mis-reproduced, if not by 
means of outliers by applying function transfers. Moreover, linear 
function transfer produces also negative estimates of WTP that are not 
elicited at the policy site, originally. SMBT does not produce such dis
tortions. It outperforms the other methods in reproducing the central 
tendency of the WTP distribution as well as the variability of the lower 
and higher values (i.e. the left and right whiskers departing from the 
box). SMBT is also the only method that reproduces the upper extreme 
outliers. These considerations are valid with respect to both the WTP for 
soil erosion and carbon sequestration. 

Fig. 4 (A) shows the distribution of the WTP for soil erosion while 
Fig. 4 (B) shows the distribution of the WTP for carbon sequestration as 
they are reproduced at the policy site by means of the different BT 
methods in Application 2. 

As in Application 1, also in Application 2, when we consider the WTP 
distribution as a whole, for both the PGs, by applying BT methods others 
than SMBT, we fail to reproduce the actual distributions of the policy 
site and all the drawbacks from Application 1 do hold. Moreover, in 
Application 2 these drawbacks are even intensified due to the increased 
degree of dissimilarity between the study site and the policy site of 
interest. 

Fig. 5 (A) and Fig. 5 (B) depict the quartiles of the WTP distributions 
for soil erosion and carbon sequestration, respectively, as they are 
reproduced at the policy site by means of the different BT methods in 
Application 2. 

Considering the mean/median WTP, by means of value transfer, the 
transferred WTP for soil erosion is 62.68€ (mean) or 40€ (median) while 
the transferred WTP for carbon sequestration is 57.24€ (mean) or 30€ 
(median). Function transfer with linear model specification allows to 
transfer individual WTP values from which the resulting mean WTP is 
52.21€ (57.07€ the median) for soil erosion while for carbon 

sequestration it is 49.43€ (51.46€ the median). Individual WTP values 
transferred by function transfer with Tobit model specification bring to a 
mean WTP of 54.84€ (52.50€ the median) for soil erosion while for 
carbon sequestration it is 49.81€ (40.52€ the median). SMBT produces, 
by means of the individual values transferred, a mean WTP for soil 
erosion of 67.38€ (40€ the median) while it is 56.79€ (30€ the median) 
for carbon sequestration. These average measures of WTP for both the 
PGs are not statistically significant different (at 5%) from the means 
originally elicited at the policy site (Ferrara province). Here, the origi
nally elicited mean WTP for soil erosion is 50.26€ (30€ the median) 
while the originally elicited mean WTP for carbon sequestration is 
46.54€ (22€ the median), as Table A2 depicts. 

Also in Application 2 (that is characterized by an increased degree of 
dissimilarity between the study site and the policy site of interest), Fig. 5 
(A) and (B) show that: 1) mean value transfer as well as function transfer 
(both linear and Tobit model specifications) flatten the reproduced WTP 
around the mean (while median value transfer flattens it around the 
second quartile); 2) function transfer (both linear and Tobit model 
specifications) distorts the dispersion of the values between the first and 
the third quartile, not only by shrinking it but also by inverting the 
interquartile spread of the distribution (i.e. they tend to mis-reproduce 
the box asymmetry). In the worst cases the dispersion can be nullified 
(mean/median value transfer). 3) The variability of the WTP towards 
the lower values is mis-reproduced (left whiskers). Moreover, linear 
function transfer produces negative estimates of WTP that are not eli
cited at the policy site, originally. As in Application 1, also in Applica
tion 2 SMBT does not produce such distortions. It outperforms the other 
methods in reproducing the central tendency of the WTP distribution, 
the variability of the lower values, the interquartile dispersion as well as 
the reproduction of the upper extreme outliers. These considerations are 
valid with respect to both the WTP for soil erosion and carbon 
sequestration. 

We consider now the convergent validity criterion that is largely 
used in BT, the Benefit Transfer Error and, successively, the Hellinger 
index. The former allows to quantify the average error behind the 
transfer procedure, the latter offers a measure of dissimilarity among the 
distributions. Table 1 shows the BTE for the different BT approaches in 
both the applications. In Application 1, the value transfer based on the 
median WTP outperforms the other approaches with respect to both the 
PGs. In Application 2, instead, it is the SMBT approach (that is also the 
second-best performing BT method in Application 1) that outperforms 
all the others. 

Table 2 shows the measures of the Hellinger index for the different 
BT approaches. We consider this index in order to quantify the 

Fig. 4. Different benefit transfer methods compared in Application 2. (A) WTP for soil erosion. (B) WTP for carbon sequestration.  
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dissimilarity between the distributions of the true WTP at the policy site 
and the one transferred from the study site. A 5% threshold is conven
tionally considered to be the maximum acceptable amount of dissimi
larity [50]. Value transfer (both using the mean and the median WTP) 
produces the largest degree of dissimilarity in relation to both soil 
erosion and carbon sequestration in both the applications. 

In Application 1, the dissimilarity between the two WTPs when we 
transfer the mean is equal to 26% and 30% for soil erosion and carbon 
sequestration, respectively. It is equal to 21% and 24% when we transfer 
the median WTP for soil erosion and carbon sequestration, respectively. 
Function transfer produces almost 9% (soil erosion) and 11% (carbon 
sequestration) of the dissimilarity when the transfer is performed with 
the linear model. The censored (Tobit) model produces 9.6% (soil 
erosion) and 17% (carbon sequestration) of the dissimilarity. Greatly 
superior is the SMBT that produces only 0.74% of the dissimilarity for 
the transfer of the WTP for soil erosion and 1.13% of the dissimilarity for 
the transfer of the WTP for carbon sequestration. 

In Application 2, the dissimilarity between the two WTPs when we 

transfer the mean is equal to 18% and 15% for soil erosion and carbon 
sequestration, respectively. It is equal to 15% and 20% for soil erosion 
and carbon sequestration, respectively, when we transfer the median. 
Function transfer produces 14% (soil erosion) and 9% (carbon seques
tration) of the dissimilarity when BT is performed with the linear model. 
The censored (Tobit) model produces 14% (soil erosion) and 13% 
(carbon sequestration) of the dissimilarity. Again, the SMBT is greatly 
superior, producing 4.2% of the dissimilarity for soil erosion and 2.5% of 
the dissimilarity for carbon sequestration. Note that in Application 2 the 
SMBT is the only method that produces an acceptable amount of 
dissimilarity (under the threshold of 5%). 

Appendix C displays the results of the leave-k-out strategy with k 
equals to ¼ of the original study site/donor sample related not only to 
the proposed SMBT (Fig. C3) but also to function transfer with both the 
linear model specification (Fig. C1) and the censored Tobit model 
specification (Fig. C2), for both the PGs under analysis in both Appli
cation 1 and Application 2. Looking at Fig. C3, the transfer uncertainty 
behind the SMBT is well-contained. The empirical bounds of the WTP 
distributions transferred by SMBT both in Application 1 and Application 

Fig. 5. Boxplots of WTP distribution reproduced by different benefit transfer methods in Application 2. (A) WTP for soil erosion. (B) WTP for carbon sequestration.  

Table 1 
Comparison among the benefit transfer errors generated by different benefit 
transfer methods.  

Benefit transfer errors 

Benefit 
transfer 
method 

Application 1 (policy site: 
Bologna province; study site: 
other provinces) 

Application 2 (policy site: 
Ferrara province; study site: 
other provinces) 

Soil 
erosion 

Carbon 
sequestration 

Soil 
erosion 

Carbon 
sequestration 

Value (mean) 209.356% 250.952% 394.237% 598.397% 
Value 

(median) 
108.473% 98.695% 223.366% 285.853% 

Function 
(linear) 

183.676% 201.318% 396.526% 526.997% 

Function 
(Tobit) 

152.126% 192.117% 349.326% 459.271% 

SMBT (cnnd. 
ms) 

115.122% 154.807% 167.688% 273.358% 

SMBT: Statistical Matching benefit transfer. Cnnd.ms: Constrained Nearest 
Neighbor Distance technique with Mahalanobis distance function combination. 

Table 2 
Comparison among Hellinger index measures generated by different benefit 
transfer methods.  

Hellinger distance index 

Benefit transfer 
method 

Application 1 (policy site: 
Bologna province; study site: 
other provinces) 

Application 2 (policy site: 
Ferrara province; study site: 
other provinces) 

Soil 
erosion 

Carbon 
sequestration 

Soil 
erosion 

Carbon 
sequestration 

Value (mean) 0.21249 0.24724 0.17959 0.15049 
Value (median) 0.26203 0.30586 0.15513 0.20167 
Function 

(linear) 
0.08999 0.10925 0.14253 0.09185 

Function 
(Tobit) 

0.09604 0.17528 0.14152 0.13802 

SMBT (cnnd. 
ms) 

0.00743 0.01137 0.04234 0.02592 

SMBT: Statistical Matching benefit transfer. Cnnd.ms: Constrained Nearest 
Neighbor Distance technique with Mahalanobis distance function combination. 
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2 and the comparison between them and the ones in Fig. C1 and Fig. C2 
spread some light on the fact that: 1) potentially, SMBT can perform 
even better in representing the WTP distribution tails than the mere 
results discussed previously and, 2) SMBT performs well in containing 
the uncertainty behind the transfer when the degree of similarity be
tween the sites decreases (as it happens moving from Application 1 to 
Application 2). 

4. Discussion 

First of all, we contextualize the estimated PGs WTPs with respect to 
the state of the art. 

On the one hand, considering soil erosion, to the best of our 
knowledge few other works provide insights on such a peculiar PG. 
Indeed, the most part of the existing papers focus on aggregate policy 
instruments like e.g. soil and water conservation measures [51]. These 
measures consider altogether different PGs like watershed preservation, 
reduction of soil erosion, increasing/preservation of soil fertility, 
maintaining of the irrigation water availability, etc. Due to the fact that 
a unique payment is elicited for all of them, comparisons among WTP 
values are difficult to make. In Ref. [52], a choice experiment in two 
watersheds of Southern Spain is carreid out, eliciting in three different 
scenarios a mean WTP for soil erosion that ranges from 26.23€ up to 
63.61€ (per person/per year). In Ref. [53], by a contingent valuation 
exercise in Andalusia, a mean WTP for soil erosion in different scenarios 
that ranges from 11€ up to 53€ (per individual/per year) is estimated. 

On the other hand, carbon sequestration has been investigated 
especially in the context of wide forests/parks (e.g. the Amazon) with 
respect to the conservation fees that are charged to the incoming tourists 
with the purpose of guaranteeing the forest capacity of carbon dioxide 
sequestration. In Ref. [54], by applying a contingent valuation in a 
Bolivian reserve a mean WTP (per person/per visit) of 36.73US$ 
(around 34€) is estimated. In Ref. [55], they estimate a mean WTP (per 
person/per visit) of 15.50US$ (around 14€) carrying out a choice 
experiment in a big reserve in Peru. In the agro-forestry system of the 
American households they elicit by choice experiment a mean WTP for 
carbon sequestration (per household/per year) of 58.05US$ and 
62.72US$ in two different scenarios (equal to 53.30€ and 57.56€, 
respectively) [56]. 

Taking into account these results, we consider our WTP estimates for 
the two PGs reliable and valid, basically in line with the existing liter
ature on stated preference methods related to soil erosion and carbon 
sequestration. This, both considering the mean WTP values originally 
elicited at the study and policy sites and the mean WTPs resulting from 
the individual values transferred by the different BT approaches. 

In relation to the BT framework, the separability and sorting as
sumptions can be intuitively and factually considered to hold. The 
former holds due to the fact that our application considers mainly pas
sive use values. Moreover, regional stakeholders and practitioners who 
have been consulted after the elicitation exercise to discuss our results 
expressed satisfaction and agreement on the obtained estimates, 
considered reliable and accurate for the area under analysis. The latter 
assumption holds due to the fact that the transfer is performed within 
the same geographic area (an Italian region), at the same reference time 
and in relation to unexpected events. 

Considering the methodological aspects, SMBT performs the best in 
terms of BTE in Application 2 and it is second among the applied ap
proaches in Application 1. It is the best performing approach considering 
the Hellinger index in both the applications. These results hints at the 
potentiality of the method and help in discussing the drawbacks of value 
transfer (both with the mean and the median WTP) but also those of 
function transfer (both linear and Tobit model specifications). The real 
data from the Emilia-Romagna case study show that, in Application 1, 
there is a larger degree of similarity between the study site and the 
policy site with respect to Application 2. This degree of similarity con
cerns the PGs features and the characteristics of the individuals as well 

as the originally elicited WTP distributions. The study and policy sites 
are instead much more different in Application 2 than in Application 1. 
These sites differences are depicted by the descriptive statistics of 
Table A1 and Table A2. In addition, focusing on the original WTP dis
tributions for both the PGs (as they have been originally elicited at the 
policy site) they are much more diverse in Application 2 than Applica
tion 1. The variation coefficient of the true WTP is 1.211 (soil erosion) 
and 1.322 (carbon sequestration) in Application 1 while it is 1.534 (soil 
erosion) and 1.542 (carbon sequestration) in Application 2. The origi
nally elicited WTPs present also different degrees of asymmetry in their 
distributions. In Application 1 the skewness is 1.997 (soil erosion) and 
2.068 (carbon sequestration) while in Application 2 it is 2.460 (soil 
erosion) and 2.618 (carbon sequestration). The kurtosis is 6.259 (soil 
erosion) and 6.462 (carbon sequestration) in Application 1 while it is 
8.310 (soil erosion) and 9.569 (carbon sequestration) in Application 2. 
These indexes suggest that the originally elicited WTPs at the policy sites 
are very dissimilar between the two applications, with Application 2 
that is characterized by a higher degree of diversity with respect to the 
PGs WTPs. 

These results are strictly related to the findings and conclusions in 
Ref. [37] that suggest that whenever the transfers involve similar pro
vision changes, related to similar PGs, analyzed in similar sites, value 
transfer should be preferred to other approaches. If any of these simi
larities ceases to hold, the validity and robustness of value transfer have 
to be questioned. The greater the similarity between the sites, the better 
the validity of value transfer, the lower the similarity between the sites, 
the better the validity of function transfer. However, while these con
siderations are expected to be valid a priori, there is no guarantee that, 
holding a high degree of dissimilarity between the sites, function 
transfer (even by means of complex functions) can perform well (e.g. in 
terms of BTE) when applied to the policy site sample [37]. This argu
ment is supported also by Ref. [17] that is in favor of general functional 
forms (which can lead to lower transfer errors) in spite of ad hoc 
explanatory variables and site-specific characteristics. But also the de
gree of heterogeneity between the sites is a very relevant issue that 
concurs in determining the success of the transfer in terms of results 
validity and accuracy [17]. 

We argue that when the originally elicited WTP distribution is very 
heterogeneous, it presents a complex multimodal form and it is pecu
liarly tailed (as it is in Application 2) clearly, we cannot reproduce the 
heterogeneity of the preferences at the policy site by means of the mean 
(or median) value transfer. But we also argue that neither function 
transfer is able to properly accomplish this task. Its main ability indeed is 
to transfer values that are close to the average WTP. Yet meaningful, 
such a value cannot give insights on the WTP values that are e.g. in the 
tails of the distribution. By means of function transfer we then risk to 
smear the WTP values around the central tendency measure, finally 
tending to misrepresent the WTP distribution. Even more severe draw
backs potentially arise when a high degree of diversity exists. This is 
very important also because typically the WTP has a multimodal dis
tribution that is often mis-reproduced by linear and/or censored models 
while the SMBT can properly adapt to its features. 

Fig. 4 (A) and 4 (B), if compared to Fig. 2 (A) and 2 (B), help to clarify 
this point. The former figures show how the originally elicited WTP 
distributions, that are less smoothed and much more tailed than the 
originally elicited WTPs depicted by Fig. 2 (A) and 2 (B), cannot be 
properly reproduced by the measures of central tendency or the values 
clustered around the average WTP. Instead, SMBT allows to catch the 
heterogeneity of the preferences and to reflect the actual WTP distri
butions. This is even clearer by looking at the Hellinger index: SMBT 
outperforms all the other approaches in reproducing as much as possible 
the current, “true” WTP distributions. 

Finally, another important result achieved by SMBT is the lowering 
of the transfer errors. While the improvement of BT accuracy is 
considered still a pending issue by BT literature [18], in terms of the 
classic BTE, SMBT produces the second-lowest transfer error in 
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Application 1 while it largely outperforms all the other approaches in 
Application 2. These findings are in line with the conclusions of Refs. 
[14,37] about the relevance in BT of the similarity degree between the 
study and the policy sites. Figure C3 depicts the empirical bounds for the 
WTP distributions transferred by SMBT. This latter is particularly able to 
reproduce the WTP distributions at the policy site by containing the 
uncertainty levels around the estimated individual values, potentially 
performing even better than the mere results discussed in section 3.3. 

5. Conclusions 

In this paper we propose a novel approach to BT that is based on the 
non-parametric micro SM. Originally envisioned for data integration 
purposes, this method can be used in benefit transfer in order to transfer 
individual WTP values to the policy site, as they are observed for the 
most similar individual present in the study site, only by means of the 
real, observed information. This allows to account for the heterogeneity 
of the WTP at the policy site and preserve the whole WTP distribution. 
Also, the transfer errors are lowered or contained. 

While the application of function transfer requires additional effort 
and evidence of its performance is mixed, particularly when compared 
with value transfer [17,25,37], SMBT exhibits a more positive balance 
between the complexity of data used and the improvement in the 
transfer validity in terms of both the reduction of the transfer errors and 
the dissimilarity between the WTP distributions. This exploratory 
application shows that SMBT works fine with a common and easily 
available/accessible set of covariates such as the average annual 
expenditure of the households, their average monthly income, the 
average annual expenditure for the LRA. These are easy-to-find infor
mation that can be collected e.g. by means of administrative registers. 

There are three main policy-related sets of considerations arising 
from this study: a) the potential for improved policies using SMBT; b) the 
implications for data policies related to PGs provision measures; c) the 
accounting of uncertainty in public policy. 

Concerning point a), assuming the problem is to design a policy in
strument based on a flat rate payment or taxes, or even regulation, 
SMBT, through a more accurate estimate of the average WTP will allow 
to better assess the decision to implement or not the measure. This holds 
in particular in cases of major differences between the policy and the 
study sites and when the true WTP has a multimodal distribution and/or 
when it is particularly tailed. SMBT can however better serve policy 
design if it is used to construct a proper demand function by ordering the 
WTPs and, if needed, by weighting the WTPs based on the composition 
of the population. This allows to better elaborate on the optimal level of 
PG provision and related policy targets. Moreover, as it allows to better 
identify different beneficiary groups, potentially expressed by the 
multimodal distribution of the WTP, SMBT exploits its potential in 
support of policies more oriented to answer to the differentiated needs of 
the beneficiaries. This is the case, for example, of Payments for 
Ecosystem Services, of narrowly targeted interventions (if beneficiaries 
are highly clustered in space or by typology), of differentiated measures 
designed according to the benefits perceived or even market-based ap
proaches (including those linked to value chain exploitation of PGs, 

based on individual consumers WTP and highly dependent on marketing 
strategy design). This list includes indeed most of the new instruments 
proposed for the provision of PGs by the current CAP reform debate, in 
order to improve efficiency and value from money from public expen
diture. The potential for policy design prescription in this case may be 
boosted by means of a further treatment of the transferred individual 
WTP through cluster analysis or similar classification means. Clustering 
associated to the characteristics of the groups can also be the basis for 
designing collective multi-actor approaches, in particular identifying 
rules about the most preferable groups of actors to be involved in the 
collective schemes. Grouping or individual marginal benefit can also 
support a better use of result-based instruments, through a more accu
rate definition of both targets and remuneration of the results (in other 
words, identifying more accurately what is the marginal value of the 
results achieved). 

Concerning point b), we recognize that the current level of data 
availability is far from allowing an easy large-scale exploitation of this 
approach. However, our results encourage higher investment in data 
collection and storage. It also corroborates current trends in terms of 
data policy, in particular concerning open data, data transparency, 
linkages and interoperability across available datasets. A better data 
availability in the future will certainly allow a wider exploitation and a 
better implementation of the method. 

Finally, concerning point c), we need to acknowledge that the use of 
value transfer in policy making is a field in which strong assumptions 
may yield the illusion of certitude even with poor data and methods. 
This may affect the quality of decisions dramatically. Especially in a 
“Post-truth World” [57] and in a field characterized by a high instability 
of preferences, the SMBT approach can help in improving the quality of 
policy support related to public goods by better communicating uncer
tainty about WTP and feed this information into measure design. This 
also goes in the direction of supporting a cultural shift towards a higher 
recognition of the (constructive) role of uncertainty in policy support 
[57]. 

Further developments of the work should explore the transfer of 
aggregate values of WTP referred e.g. to groups of individuals. Further 
developments may also concern the elicitation method adopted to esti
mate the WTP extending the method to choice experiments. For 
example, it could be worthy to explore how to adapt SMBT to consider 
the transfer of the whole set of answers to the choice cards that has been 
proposed to the study site by different respondents. Finally, a somehow 
straightforward and complementary extension of this work is the BT 
applied to the supply side, in order to better reproduce the heterogeneity 
of farmers’ compliance costs and their distribution [58]. This may help 
estimate more precise supply functions and improve cost-targeting in 
order to increase effectiveness and efficiency of public expenditure. 
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Appendix A. Contingent valuation exercise and features of Application 1 and Application 2 

In the section Part 2 – Economic valuation of the questionnaire, the respondent is asked to contribute to evaluate some potential scenarios of 
improvement of the production of two PGs in the hilly and mountain areas of Emilia-Romagna. 

Soil erosion 

First, the PG is defined in its most general meaning, as follows: 
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“Soil erosion, in the hilly and mountain areas, is conceived as the 
phenomenon of removal of the foundational material of the local 
area” 

Second, the PG is described in terms of its expected effects, as follows: 
“The effects of soil erosion in the hilly and mountain areas are the 
reduction of agricultural land fertility and the increasing of the 
slopes instability. Eroded soil is then transported down to the valley 
where it contributes to decrease the efficiency and the flow rate of 
rivers and canals with the consequent increasing of floods risk” 

Third, it is defined how the PG is measured, as follows: 
“Soil erosion is measured in terms of the quantity of soil that is 
annually lost in the hilly and mountain areas that are defined as 
stable, i.e. the areas that are not interested by landslides” 

Fourth, information on the actual level of provision of the PG in the area of interest is given: 
“In hilly and mountain areas of Emilia-Romagna, every year, there is 
a loss of around 14 million tons of soil, corresponding to around 21.4 
tons per hectare of stable land in the hilly and mountain areas” 

Fifth, the open-ended question to elicit the WTP is asked, as follows: 
“How much is the maximum annual amount that your family is 
willingness to pay in order to reach the optimal level of reduction of 
soil erosion in the hilly and mountain areas?” 

Sixth, if the respondent is willing to pay, he/she is asked to express with respect to the previous payment his preference in terms of payment 
modality, choosing among:  

- Generic private body  
- Public authority ad hoc  
- Increase of current taxation 

Carbon sequestration 

First, the PG is defined in its most general meaning, as follows: 
“Carbon sequestration, in the hilly and mountain areas, is conceived 
as the amount of carbon dioxide (CO2) sequestered in terms of wood 
and vegetation by the forestry” 

Second, the PG is described in terms of its expected effects, as follows: 
“The carbon sequestered from the atmosphere contributes to miti
gate the climate change” 

Third, it is defined how the PG is measured, as follows: 
“Carbon sequestration is measured in terms of the quantity of carbon 
dioxide that is annually sequestered as wood and/or vegetation by 
forestry” 

Fourth, information on the actual level of provision of the PG in the area of interest is given: 
“In the hilly and mountain areas of Emilia-Romagna, every year, 1.5 
million tons of carbon are sequestered, corresponding to around 2.3 
tons per hectare of forestry” 

Fifth, the open-ended question to elicit the WTP is asked, as follows: 
“How much is the maximum annual amount that your family is 
willingness to pay in order to reach the optimal level of sequestered 
carbon capacity in the hilly and mountain areas?” 

Sixth, if the respondent is willing to pay, he/she is asked to express with respect to the previous payment his preference in terms of payment 
modality, choosing among:  

- Generic private body  
- Public authority ad hoc  
- Increase of current taxation   
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Table A.1 
Summary statistics of the samples’ main characteristics in Application 1.  

Socio-demographic characteristics Study site: provinces of Emilia-Romagna (excluded the province of Bologna) Policy site: Bologna province 

Samples dimension 717 290 
Mean WTP for soil erosiona 60.58 (0-40-300) 64.97 (0-45-300) 
Mean WTP for carbon sequestrationa 54.57 (0-30-300) 61.33 (0-30-300) 
Average age 41.88 (18-41-99) 41.49 (18-40-77) 
Share of male (%) 52.99 45.17 
Average household size 2.94 2.84 
Average number of minor 0.74 0.59 
Average number of elderly 0.31 0.30 
Share of households with farmer (%) 11.44 14.83 
Share of unemployed (%) 36.54 32.07 
Share of university degree (%) 36.27 42.07 
Level of education (%)   
1 – primary school 0.69 0.34 
2 – secondary school 10.32 8.28 
3 – higher school 52.72 50.34 
4 – BA degree 14.23 13.45 
5 – MA degree 20.92 26.55 
6 – other postgraduate 1.12 1.03 
Average monthly household incomea 2771 (1000–2000-8000) 2900 (1000–3000-8000) 
Average annual payment for LRAb 124.63 (0-30-10,000) 140.50 (0-30-10,000) 
Average annual payment for food basketa 2679 (10–2000-10,000) 2772 (10–2000-10,000) 
Residence in hill-mountain areas (%) 19.94 17.93 

a: values expressed in Euro. 
b: LRA -Land Reclamation Authority-. Values in parentheses are minimum, median and maximum.  

Table A.2 
Summary statistics of the samples’ main characteristics in Application 2.  

Socio-demographic characteristics Study site: provinces of Emilia-Romagna (excluded the province of Ferrara) Policy site: Ferrara province 

Samples dimension 939 68 
Mean WTP for soil erosiona 62.68 (0-40-300) 50.26 (0-30-300) 
Mean WTP for carbon sequestrationa 57.24 (0-30-300) 46.54 (0-22-300) 
Average age 41.79 (18-41-99) 41.41 (19-41-71) 
Share of male (%) 51.01 47.06 
Average household size 2.91 2.93 
Average number of minor 0.69 0.60 
Average number of elderly 0.30 0.32 
Share of households with farmer (%) 12.14 16.18 
Share of unemployed (%) 34.93 39.71 
Share of university degree (%) 38.66 29.41 
Level of education (%)   
1 – primary school 0.53 1.47 
2 – secondary school 9.15 17.65 
3 – higher school 52.08 51.47 
4 – BA degree 13.74 17.64 
5 – MA degree 23.32 11.76 
6 – other postgraduate 1.17 0 
Average monthly household incomea 2831 (1000–3000-8000) 2500 (1000–2000-8000) 
Average annual payment for LRAb 132.30 (0-30-10,000) 85.13 (0-42.50-1200) 
Average annual payment for food basketa 2727 (10–2000-10,000) 2412 (10–1800-10,000) 
Residence in hill-mountain areas (%) 20.45 4.41 

a: values expressed in Euro. 
b: LRA -Land Reclamation Authority-. Values in parentheses are minimum, median and maximum.  

Table A.3 
Variables description.  

Variable Coding Modalities 

Residence in hilly and mountain areas res 0 = no; 1 = yes 
Residence in the province capital admin_centre 0 = no; 1 = yes 
Ownership of a house in hilly and mountain areas mount_house 0 = no; 1 = yes 
Ownership of agricultural land in hilly and mountain areas mount_land 0 = no; 1 = yes 
Having relatives in hilly and mountain areas mount_rela 0 = no; 1 = yes 
Age age  
Age squared age_squared  
Gender gender 0 = male; 1 = female 
Being employed employ 0 = no; 1 = yes 
Educational level edu_level 1 = primary school; 2 = secondary school; 3 = higher school; 4 = BA degree; 5 = MA degree; 6 

= other postgraduate 
Having a university degree univ_degree 0 = no; 1 = yes 

(continued on next page) 
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Table A.3 (continued ) 

Variable Coding Modalities 

Number of household members household_size  
Numbers of household minor household_minor  
Numbers of household elderly household_eld  
Presence of farmer(s) in the household household_farmer 0 = no; 1 = yes 
Household average annual payment for a food basketa basket_pay  
Household average annual payment for Land Reclamation 

Authority (LRA)a 
lra_pay  

Household average monthly incomea household_income  
Soil erosion is considered relevant rel_eros 0 = no; 1 = yes 
Carbon sequestration is considered relevant rel_ carb 0 = no; 1 = yes 
Rural vitality is considered relevant rel_ rurvit 0 = no; 1 = yes 
Respondent is indifferent to soil erosion rel_eros_idk 0 = no; 1 = yes 
Respondent is indifferent to carbon sequestration rel_carb_idk 0 = no; 1 = yes 
Respondent is indifferent to rural vitality rel_rurvit_idk 0 = no; 1 = yes 
Land abandonment impacts positively on soil erosion aband_eros_p 0 = no; 1 = yes 
Land abandonment impacts positively on carbon sequestration aband_carb_p 0 = no; 1 = yes 
Land abandonment impacts negatively on soil erosion aband_eros_n 0 = no; 1 = yes 
Land abandonment impacts negatively on carbon 

sequestration 
aband_carb_n 0 = no; 1 = yes 

Land abandonment impacts positively on rural vitality aband_rurvit_p 0 = no; 1 = yes 
Land abandonment impacts negatively on rural vitality aband_rurvit_n 0 = no; 1 = yes 
Modality of WTP payment how_wtp_pay 0 = no payment; 1 = private body; 2 = public authority ad hoc; 3 = increasing of current 

taxation 
Practicing fishing fishing 0 = no; 1 = yes 
Practicing hunting hunting 0 = no; 1 = yes 
Going to food festivals and other food-related recreational 

activities 
recreation 0 = no; 1 = yes 

a: values expressed in Euro. 

Appendix B. Function transfer models 

Equation (B.1) depicts the multiple linear regression model for soil erosion: 

wtp eros= β0 + β1⋅mount house+ β2⋅univ degree+ β3⋅household farmer + β4⋅lra pay+
+ β5⋅household income+ β6⋅rel rurvit + β7 ⋅rel (eros idk ) + β8⋅aband eros p+
+ β9⋅aband rurvit p+ β10⋅aband eros n+ β11⋅how wtp pay+ β12⋅fishing+
+ β13⋅hunting+ β14⋅recreation (B.1)   

Table B.1 
Results of the multiple linear regression model on the WTP for soil erosion (wtp_eros) in applications 1 and 2.   

Application 1 (policy site: Bologna province; study site: other provinces) Application 2 (policy site: Ferrara province; study site: other provinces) 

Variables Coeff. S. E. t value Pr (>|t|) Sign. Coeff. S. E. t value Pr (>|t|) Sign. 

Intercept 5.564 15.030 0.370 0.711  0.989 13.084 0.076 0.939  
mount_house: 1 9.797 5.346 1.832 0.067 . 7.546 4.694 1.608 0.108  
univ_degree: 1 − 12.440 5.117 − 2.431 0.015 * − 9.080 4.465 − 2.033 0.042 * 
household_farmer: 0 − 31.072 7.855 − 3.956 8.41e-05 *** − 22.023 6.878 − 3.202 0.001 ** 
lra_pay 0.026 0.004 6.750 3.11e-11 *** 0.028 0.003 8.217 7.05e-16 *** 
household_income 0.005 0.002 3.124 0.002 ** 0.006 0.002 3.762 0.001 *** 
rel_rurvit: 1 20.669 8.759 2.360 0.019 * 26.111 7.591 3.440 0.001 *** 
rel_eros_idk: 1 − 14.358 6.234 − 2.303 0.022 * − 13.797 5.623 − 2.454 0.014 * 
aband_eros_p: 1 21.734 6.923 3.140 0.002 ** 20.965 6.182 3.391 0.001 *** 
aband_rurvit_p: 1 − 15.792 7.945 − 1.988 0.047 * − 21.953 6.873 − 3.194 0.001 ** 
aband_eros_n: 1 13.953 6.394 2.182 0.029 * 10.794 5.675 1.902 0.057 . 
how_wtp_pay: 1 65.503 10.681 6.132 1.45e-09 *** 61.617 9.539 6.459 1.70e-10 *** 
how_wtp_pay: 2 56.069 8.046 6.968 7.42e-12 *** 58.513 7.242 8.079 2.03e-15 *** 
how_wtp_pay: 3 43.726 8.679 5.038 5.98e-07 *** 47.347 7.824 6.052 2.08e-09 *** 
fishing: 1 29.907 9.703 3.082 0.002 ** 30.867 8.675 3.558 0.001 *** 
hunting: 1 20.319 8.505 2.389 0.017 * 20.098 7.832 2.566 0.010 * 
recreation: 1 11.144 5.056 2.204 0.028 * 5.640 4.516 1.249 0.212  
pseudo-R2 0.317 0.315 

Variables coding: mount_house, 0 = no, 1 = yes; univ_degree, 0 = no, 1 = yes; household_farmer, 0 = no, 1 = yes; rel_rurvit, 0 = no, 1 = yes; aband_“ …“_“ …“, 0 = no, 
1 = yes; how_wtp_pay, 0 = no, 1 = private body, 2 = public authority ad hoc, 3 = increased taxation; fishing, 0 = no, 1 = yes; hunting, 0 = no, 1 = yes; recreation, 0 =
no, 1 = yes. Coeff.: coefficients. S.E.: standard error. t value: test statistic. Pr(>|t|): p-value. Sign.: significance levels, ‘***‘ = 0.001; ‘**‘ = 0.01; ‘*‘ = 0.05; ‘.‘ = 0.1. 

Equation (B.2) depicts the multiple linear regression model for carbon sequestration: 
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wtp carb= β0 + β1⋅mount house+ β2⋅age squared + β3⋅employ+ β4⋅univ degree+
+ β5⋅household eld + β6⋅household farmer + β7⋅lra pay+ β8⋅household income+
+ β9⋅rel carb+ β10⋅rel eros idk + β11⋅aband eros p+ β12⋅aband eros n+
+ β13⋅how wtp pay+ β14⋅fishing+ β15⋅ hunting (B.2)   

Table B.2 
Results of the multiple linear regression model on the WTP for carbon sequestration (wtp_carb) in applications 1 and 2.   

Application 1 (policy site: Bologna province; study site: other provinces) Application 2 (policy site: Ferrara province; study site: other provinces) 

Variables Coeff. S. E. t value Pr (>|t|) Sign. Coeff. S. E. t value Pr (>|t|) Sign. 

Intercept 4.058 13.251 0.306 0.759  5.411 11.970 0.452 0.651  
mount_house: 1 8.651 4.784 1.809 0.071 . 4.185 4.344 0.963 0.336  
age_squared − 0.004 0.002 − 2.004 0.045 * − 0.002 0.002 − 1.022 0.307  
employ: 1 9.008 4.724 1.907 0.057 . 12.727 4.395 2.896 0.004 ** 
univ_degree: 1 − 11.968 4.788 − 2.499 0.013 * − 5.997 4.303 − 1.394 0.164  
household_elderly 9.305 3.685 2.525 0.012 * 6.172 3.512 1.758 0.079 . 
household_farmer: 0 − 24.025 7.391 − 3.251 0.001 ** − 19.351 6.607 − 2.929 0.003 ** 
lra_pay 0.032 0.003 9.298 <2e-16 *** 0.030 0.003 10.033 <2e-16 *** 
household_income 0.004 0.002 2.383 0.017 ** 0.004 0.001 2.722 0.007 ** 
rel_carb: 1 10.485 5.563 1.885 0.019 . 11.241 5.080 2.213 0.027 * 
rel_eros_idk: 1 − 14.168 5.714 − 2.480 0.013 * − 13.5690 5.284 − 2.568 0.010 * 
aband_eros_p: 1 23.421 6.401 3.659 0.000 ** 20.871 5.879 3.550 0.000 *** 
aband_eros_n: 1 13.872 5.938 2.336 0.019 * 8.798 5.419 1.624 0.105  
how_wtp_pay: 1 46.783 9.908 4.722 2.83e-06 *** 45.587 9.091 5.014 6.39e-07 *** 
how_wtp_pay: 2 47.091 7.410 6.355 3.76e-10 *** 49.773 6.868 7.247 9.02e-13 *** 
how_wtp_pay: 3 40.456 7.957 5.084 4.74e-07 *** 41.923 7.389 5.673 1.88e-08 *** 
fishing: 1 36.462 8.865 4.113 4.37e-05 *** 44.349 8.131 5.454 6.32e-08 *** 
hunting: 1 18.878 7.810 2.417 0.016 * 15.449 7.395 2.089 0.037 * 
pseudo-R2 0.351 0.346 

Variables coding: mount_house, 0 = no, 1 = yes; univ_degree, 0 = no, 1 = yes; household_farmer, 0 = no, 1 = yes; rel_rurvit, 0 = no, 1 = yes; aband_“ …“_“ …“, 0 = no, 
1 = yes; how_wtp_pay, 0 = no, 1 = private body, 2 = public authority ad hoc, 3 = increased taxation; fishing, 0 = no, 1 = yes; hunting, 0 = no, 1 = yes; recreation, 0 =
no, 1 = yes. Coeff.: coefficients. S.E.: standard error. T value: test statistic. Pr(>|t|): p-value. Sign.: significance levels, ‘***‘ = 0.001; ‘**‘ = 0.01; ‘*‘ = 0.05; ‘.‘ = 0.1. 

Equation (B.3) depicts the Tobit model for soil erosion: 

wtpc eros= β0 + β1⋅age+ β2⋅age squared + β3⋅employ+ β4⋅univ degree+ β5⋅household size+ β6⋅household farmer + β7⋅lra pay+ β8⋅household income

+ β9⋅rel eros idk
(B.3)   

Table B.3 
Results of the censored (Tobit) regression model for soil erosion (wtp_eros) in applications 1 and 2.   

Application 1 (policy site: Bologna province; study site: other provinces) Application 2 (policy site: Ferrara province; study site: other provinces) 

Variables Coeff. S. E. z value Pr (>|z|) Sign. Coeff. S. E. z value Pr (>|z|) Sign. 

Intercept 139.358 27.980 4.981 6.34e-07 *** 125.837 24.194 5.201 1.98e-07 *** 
age − 2.393 1.205 − 1.987 0.047 * 0.027 0.012 2.335 0.019 * 
age_squared 0.023 0.013 1.737 0.082 . − 2.676 1.055 0.011 0.082 * 
employ: 1 4.948 6.580 0.752 0.452  16.324 5.913 2.761 0.006 ** 
univ_degree: 1 − 10.750 6.304 − 1.705 0.088 . − 9.032 5.416 − 1.668 0.095 . 
household_size 4.335 2.708 1.601 0.109  4.121 2.345 1.757 0.079 . 
household_farmer: 0 − 46.771 9.426 − 4.962 6.97e-07 *** − 37.149 8.068 − 4.604 4.14e-06 *** 
lra_pay 0.028 0.005 6.213 5.20e-10 *** 0.028 0.004 7.445 9.71e-14 *** 
household_income 0.007 0.002 3.137 0.002 ** 0.008 0.002 4.134 3.56e-05 *** 
rel_erosion_idk: 1 − 27.650 7.465 − 3.704 0.000 *** − 28.090 6.498 − 4.323 1.54e-05 *** 
Log (scale) 4.319 0.029 149.074 <2e-16 *** 4.324 0.025 171.992 <2e-16 *** 
pseudo-R2 0.167 0.183 

Variables coding: employ, 0 = no, 1 = yes; univ_degree, 0 = no, 1 = yes; household_farmer, 0 = no, 1 = yes; rel_eros_idk, 0 = no, 1 = yes. Coeff.: coefficients. S.E.: 
standard error. z value: test statistic. Pr(>|z|): p-value. Sign.: significance levels, ‘***‘ = 0.001; ‘**‘ = 0.01; ‘*‘ = 0.05; ‘.‘ = 0.1. 

Equation (B.4) depicts the Tobit model for carbon sequestration: 

wtpc carb= β0 + β1⋅household farmer + β2⋅lra pay+ β3⋅household income+ β4⋅rel eros idk (B.4)   
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Table B.4 
Results of the censored (Tobit) regression model for carbon sequestration (wtp_carb) in applications 1 and 2.   

Application 1 (policy site: Bologna province; study site: other provinces) Application 2 (policy site: Ferrara province; study site: other provinces) 

Variables Coeff. S. E. z value Pr (>|z|) Sign. Coeff. S. E. z value Pr (>|z|) Sign. 

Intercept 93.552 11.452 8.169 3.11e-16 *** 84.774 10.204 8.308 <2.e− 16 *** 
household_farmer: 0 − 47.529 8.248 − 5.763 8.28e-09 *** − 41.724 7.460 − 5.593 2.23e-08 *** 
Lra_pay 0.036 0.004 8.766 <2e-16 *** 0.033 0.004 9.078 <2e-16 *** 
household_income 0.005 0.002 2.976 0.003 ** 0.008 0.002 4.517 6.26e-06 *** 
Rel_erosion_idk: 1 − 27.024 6.784 − 3.983 6.80e-05 *** − 27.376 6.178 − 4.431 9.37e-06 *** 
Log (scale) 4.233 0.029 146.576 <2e-16 *** 4.276 0.025 170.254 <2e-16 *** 
pseudo-R2 0.201 0.205 

Variables coding: employ, 0 = no, 1 = yes; univ_degree, 0 = no, 1 = yes; household_farmer, 0 = no, 1 = yes; rel_eros_idk, 0 = no, 1 = yes. Coeff.: coefficients. S.E.: 
standard error. z value: test statistic. Pr(>|z|): p-value. Sign.: significance levels, ‘***‘ = 0.001; ‘**‘ = 0.01; ‘*‘ = 0.05; ‘.‘ = 0.1. 

Appendix C. Empirical bounds of transferred distributions 

The following figures depict the results of the leave-k-out strategy (with k equals to ¼ of the original study site/donor sample, in 1000 random 
draws) applied to determine the empirical bounds of the transferred distributions with respect to both the PGs under analysis in both Application 1 and 
Application 2. 

All the results depicted by Figs. C1-C3 are confirmed by simulation studies carried out by dropping out the 10% of the original study site/donor 
sample in 1000 random draws, as well as by dropping out both the 10% and 25% in 5000 random draws. These results are contained in an appendix 
available upon request.

Fig. C1. Empirical bounds of transferred WTP distributions for soil erosion and carbon sequestration obtained in applications 1 and 2 by means of the linear 
function transfer.      
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Fig. C2. Empirical bounds of transferred WTP distributions for soil erosion and carbon sequestration obtained in applications 1 and 2 by means of the censored 
(Tobit) function transfer.  

Fig. C3. Empirical bounds of transferred WTP distributions for soil erosion and carbon sequestration obtained in applications 1 and 2 by means of the Statistical 
Matching Benefit Transfer (SMBT).  
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Appendix D. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.seps.2020.100935. 
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