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A B S T R A C T   

There is an increasing call for tools that provide insight into the complex field of land-use systems, especially 
considering the broad range of sustainability issues related to policy intervention, technological innovation and 
continuous changes in environmental conditions. Stakeholders ranging from farmers, community leaders to 
national policy decision makers often fail in managing land due to various reasons, such as imperfect infor-
mation, lacking awareness of ecosystem service provision and externalities, risk aversion, management quality 
and skills. To make better informed land-use decisions, they demand information about socio-economic and 
environmental properties of land-use systems and how they respond to changes in external stimuli and shocks 
such as climate change. 

Bioeconomic modelling has been positioned as an integrative approach able to deliver advice to sustainability 
related problems. This review describes bioeconomic models applied to land-use decisions, with a particular 
focus on the provision of ecosystem services. For this review, we have considered the main two brands of 
modelling, empirical (or econometric) and mechanistic, to analyse how mutually exclusive applications as well 
as newer combinations of both approaches have been implemented in the field to guide decision making towards 
sustainable land-use management. With the development of new computer-based techniques, bioeconomic 
modelling has become more complex, accurate and comprehensive in the range of alternatives they are able to 
evaluate. From previous models limited to a reduced number of decision factors, we see a tremendous evolution 
towards integrated modelling based on multiple-goal and spatial applications. This step forward in bioeconomic 
modelling enables it to incorporate multiple time and spatial scales. Despite the undeniable advance achieved by 
the improved performance of bioeconomic models, we found that their transfer to stakeholders and their ex-
pected evolution towards policies and other decision instruments appear to be underperformed, evidence sug-
gests that the gap between science and decision making is still wide To reduce the gap, scientists need to 
integrate stakeholders during the modelling process, and improve communication platforms.   

1. Introduction 

In recent years, a consensus has emerged among scientists and pol-
icymakers that society should implement sustainable resource man-
agement in order to meet environmental and socio-economic goals. 
Optimal land-use allocation favouring ecosystem services provision and 
biodiversity conservation is one of the key challenges in land-use man-
agement (Kaim et al., 2018). Even though sustainable management is 
pivotal, evidence suggests that it is rarely put into practice by farmers 
despite mounting evidence of the social, environmental, and economic 
benefits of such practices (Maas et al., 2021). Potential mismatches in 

the perceived economic or environmental impact of biodiversity and 
ecosystem services may explain different behaviours and views with 
regard to land-use decision making. 

Conventional economic theory addressed land-use issues with stan-
dard microeconomics analysis, as well as methodologies based on 
agent's revealed preferences. They typically aim to quantify human uses 
of ecosystems for production and consumption activities (Kragt, 2012). 
Even though conventional approaches have been useful to model eco-
nomic processes, they rarely integrate essential components of land-use 
systems such as externalities, either positive or negative (Delmotte et al., 
2013). Thus, conventional economic models failed to integrate 
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sustainability issues within the model. Given the fact that sustainability 
references dynamics, interacting species, spatial scales, humans as part 
of the ecosystem and trade-off among extractive values and ecosystem 
services, newer perspectives were needed to embrace the complexity of 
land-use systems (Smith, 2008). 

Bioeconomic modelling has positioned itself as an alternative to 
conventional economic modelling, because it enables us to understand 
the functioning of complex systems by combining biological, social and 
economic research (De Rocquigny, 2012) on grounds of scientific and 
technological advance. The contributions of bioeconomic modelling 
have made it possible to integrate biophysical limits and resource 
scarcity to economic growth, as Georgescu-Roegen suggested several 
decades ago (Bonaiuti, 2014). Early bioeconomic literature focussed on 
harvest of open access resources, mainly fisheries (Conrad and Smith, 
2012) with focus on the role of rent in the exploitation of common–pool 
renewable resources. In the 1970s, mathematicians and ecologists in-
tegrated population dynamics and nonlinear dynamic systems theory to 
explain the functioning of stocks and flows based on harvest intensities 
over time. At that time, bioeconomic modelling developed into two 
branches, positive models based on empirical analysis and normative 
models based on mathematical programming (Castro et al., 2018). 

Nowadays, bioeconomic modelling is widely applied in fields con-
cerning land-use management. In this review, we analyse applications 
on agriculture, cattle ranching and forestry, as leading causes of envi-
ronmental degradation, resource demand and ecosystem services 
depletion. 

Bioeconomic modelling was introduced in agriculture, at the 
beginning of the 1970's during the industrialization of farming as a 
consequence of the green revolution (King et al., 1993) and has evolved 
tremendously to improve farm efficiency based on innovation (e.g. ag-
ronomics, technology, economics and decision support) (Brown, 2000). 
By the same time, it appeared in forestry with the Faustmann-Pressler- 
Ohlin model aiming to determine optimal age rotation to maximize 
profits (Rönnqvist, 2003; Kragt, 2012). Nowadays, additional elements 
have been introduced to bioeconomic models to account for ecological 
interactions, time dynamics and uncertainty (Hildebrandt and Knoke, 
2009, Clasen et al., 2011, Griess et al., 2012b, 2012a, Härtl et al., 2013). 
This progress has made it possible to assess the impacts of management 
and policy making on land-use systems, with applications in fields like 
ecosystem services provision (Herzig et al., 2013; Estrella et al., 2014; 
Kolo et al., 2020), biodiversity conservation (Sirén and Parvinen, 2015; 
Robinson, 2016), pest management (Atallah et al., 2018; Yeh et al., 
2020) water and soil management (Semaan et al., 2007; Alary et al., 
2016), climate change (Pfister et al., 2005; Schönhart et al., 2016; 
Townsend et al., 2016) and risks management (Clasen et al., 2011; 
Griess and Knoke, 2013; Rădulescu et al., 2014). 

The conjunction of diverse factors such as the variety of objectives 
needed for land-use management, the demand for multi-disciplinary 
approaches, and the call for more dialogue and cooperation between 
interdisciplinary working groups made possible the development of the 
field, as suggested by Flichman and Allen (2015). We evidence a trend 
towards multiple-objective modelling following spatial and dynamic 
approaches (Chopin et al., 2015; Masoumi et al., 2020). This sort of 
model makes it possible to allocate land-use options according to spatial 
conditions to fit optimal alternatives, at any given territorial scale. The 
attractiveness of multiple-objective modelling lies in its advantage on 
balancing goals like profitability, food production, biodiversity conser-
vation, ecosystem service provision and reduced GHG emissions (Knoke 
et al., 2020). 

The advice provided by improved bioeconomic modelling applied to 
land-use is undeniable in terms of sustainability and action against 
climate change (Taylor et al., 2020). Nevertheless, literature stresses the 
necessity for improved integration between social disciplines and 
transfer of results to social actors, as models do not seem to percolate as 
expected among landowners and policymakers (Reidsma et al., 2018). 
Throughout this review, we do not aim at providing a comprehensive 

review of all models applied to address land-use problems, we rather 
attempt to shed light on the basic conceptual principles and highlight 
illustrative studies in this field. We also intend to provide some guiding 
principles towards more effective bioeconomic modelling, notably the 
need for a wider diversity and integration of methodological approaches 
and to frame criteria for increased tractability and political acceptance 
of bioeconomic models facilitating the knowledge transfer from research 
to practice. The article is structured as follows: i) definitions of bio-
economic modelling, ii) modelling approaches and empirical knowl-
edge, iii) applications of bioeconomic modelling for land-use 
management, and iv) bridging research and praxis. 

2. Definitions 

Bio-economic models are developed by combining biophysical and 
economic approaches (Brown, 2000; Kragt, 2012). A biophysical model 
generally specifies a biological system through the mathematical 
formulation of physical and biological properties, whereas economic 
models are grounded on the theory of optimal individual decision- 
making. Bioeconomic models do not only describe the processes and 
interactions that occur within a system, they predict the effects of 
management decisions (Castro et al., 2018). The simulation of biological 
and economic performance is complex, to make models easier to solve, 
researchers apply computer-based methods, which have evolved 
considerably during the last decades (King et al., 1993). 

Bio-economic models generally follow either positive or normative 
approaches (Flichman et al., 2011; Janssen and van Ittersum, 2007). 
Positive approaches describe what is observed, and are able to predict 
the behaviour of land users (Louhichi et al., 1999). In particular, models 
built from empirical observations belong to the econometric branch of 
positive modelling (Brown, 2000). Normative approaches are developed 
from theory, they are called mechanistic models and their application 
enables scenario assessment (De Wit, 1992; Janssen and van Ittersum, 
2007). In the next section, we introduce the above described modelling 
approaches and their applications for land-use management. 

2.1. Mechanistic models 

Mechanistic modelling is also known as theoretical modelling. 
Janssen and van Ittersum (2007) consider mechanistic models suitable 
for extrapolations and long-term predictions, because they simulate the 
system behaviour outside the range of observed data, the main differ-
ence compared to empirical models. Mechanistic bio-economic models 
have been applied regularly to land-use related fields such as forestry 
(Knoke and Seifert, 2008; Kolo et al., 2020), agriculture (Flichman et al., 
2011, Rădulescu et al., 2014, Chopin et al., 2015, Atallah et al., 2018) 
and cattle ranching (Taylor et al., 2020). Applications also include 
conservation interest to maximize species diversity and ecosystem ser-
vice provisions (Cao et al., 2012, King et al., 2021) and urban planning 
to improve the allocation of areas for settlements and infrastructure 
(Haque and Asami, 2014, Jones and McDermott, 2018). 

This brand of modelling relies on optimization techniques and 
mathematical programming. Kaim et al. (2018) indicate that despite its 
broad application, there is no guideline supporting the selection of an 
appropriate method to address a specific land-use problem. They suggest 
that researchers should consider three important points on the choice of 
a suitable optimization method. First, a mathematical problem formu-
lation, including objectives, constraints, decision variables and problem 
type (e.g., linear, non-linear, discrete, combinatorial or continuous). 
Second, to define the desired output based on the problem scale (e.g., 
local, global) and the amount and type of available data. Third, the 
implication of stakeholders during the process (e.g. priori, interactive, 
posteriori). 

Based on the model formulation, optimization problems can be linear 
and nonlinear. Linear programming considers a linear combination of 
activities, which represent a coherent set of operations with 
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corresponding inputs and outputs (Ten Berge et al., 2000). As inputs are 
limited resources, constraints to the activities are defined, which 
represent the minimum or maximum amount of a certain input or 
resource that can be used. This system of activities and constraints is 
then optimised for some objective function, reflecting a user-specified 
goal e.g. species dynamics, land uses and stakeholder decision 
(Mouysset et al., 2011) or nitrogen and soil losses, pesticide use and 
herbaceous plant biodiversity (Pacini et al., 2004). 

For some problems, nonlinearities in the form of either nonlinear- 
objective functions or nonlinear constraints demand a nonlinear pro-
gramming solution (Bradley, 1977). Applications of nonlinear pro-
gramming in bio-economic modelling to the portfolio theoretic 
framework (e.g. Clasen et al., 2011; Castro et al., 2015; Härtl et al., 
2013) and have also been used to maximize the return of land-use 
portfolios for pre-defined accepted levels of risk (Ochoa et al., 2016). 

Even though land-use management problems are frequently tackled 
using linear programming and nonlinear programming recent trends 
have made it necessary to extend the modelling options to more 
comprehensive approaches (e.g. increased involvement of stakeholders, 
increased complexity on decision making, spatial integrity and use of 
geographical information systems) (Datta et al., 2007). Multi-objective 
optimization and heuristic approaches such as evolutionary or genetic 
algorithms, offer new opportunities to address land-use management, as 
they allow land managers to explore land use options and the potential 
impacts of land-use changes (Kaim et al., 2018). 

Because land-use problems consist of multiple and often conflicting 
objectives, especially when multiple ecosystem services are considered, 
multi-objective optimization offers improved solutions to combine 
ecological objectives with social and economic criteria and are able to 
consider non-market values of ESS (Kaim et al., 2018). Goal program-
ming is often applied to solve multiple objective land-use problems due 
to its versatility (Castro et al., 2018). Goal programming establishes a 
target for each goal and seeks to minimize the deviations between the 
achievement of the goals and their target levels (Hazell and Norton, 
1986). It has been applied to land-use problems following mathematical 
programming applications (see Knoke et al., 2020), as well as evolu-
tionary and genetic algorithms. Masoumi et al. (2020) applied multi- 
objective evolutionary algorithms for urban land-use change manage-
ment. Seixas et al. (2007) applied an evolutionary algorithm to study 
future land-use configuration under two objectives of maximization of 
carbon sequestration and minimization of soil loss. Datta et al. (2007) 
developed a multi-objective evolutionary algorithm for three objective 
functions: maximization of economic return, maximization of carbon 
sequestration and minimization of soil erosion. 

2.2. Econometric models 

Econometric models are based on statistical evaluation of observed 
land-use decisions, economic variables such as rents or productivities, as 
well as stated land-use preferences to empirically evaluate economic 
relationships. By empirically measuring how land use is affected by 
specific factors, econometric models have the potential to predict land 
use development accurately and appraise land use interventions realis-
tically (Plantinga, 2015). According to Dempsey et al. (2010), econo-
metric models implicitly capture unobservable factors such as indirect 
(or non-monetary) benefits from land-use decisions to landowners, 
landowner uncertainties or asymmetric information in land markets 
(Lewis et al., 2011; Mason and Plantinga, 2013) which are challenging 
to explicitly model in mechanistic approaches leading ultimately to a 
more nuanced understanding of land-use decision making. 

The existing literature considers different methodological charac-
terizations of econometric models. A possible perspective distinguishes 
reduced-form and structural approaches, focussing on the ability of the 
models to recover the parameters that describe the underlying structural 
processes (Irwin and Wrenn, 2012). This review takes an alternative 
view, using a differentiation that relies on different purposes of 

econometric approaches: we look at (i) models that use historical 
observed data to statistically model land use decisions, which enable 
predictions of future landowner behaviour, and (ii) models that analyse 
data, which enable researchers to measure both direct and indirect 
values generated by land use decisions. Approaches in the first category 
focus on assessing the impact of land use interventions. The purpose is to 
improve the understanding of the impact of different land use policies 
such as per-ha policies to inform the design of effective incentive 
mechanisms. These studies may serve as inputs for simulation studies to 
predict future land use developments under different policy scenarios. 
Approaches in the second category focus on assessing the wider value 
resulting from land use decisions. They aim at quantifying and appraising 
the benefits society places on land use interventions. A wide range of 
econometric studies that analyses the impact of land use policies are 
based on private land use decisions that rely on the commercial use of 
land such as agricultural crops or timber (Plantinga, 2015). Apart from 
these direct land-use values stemming from productivity and con-
sumption, different land use types perform a wide range of non- 
marketed functions in the form of ecosystem services that benefit in-
dividuals only indirectly such as the sequestration of carbon from the 
atmosphere, protection from soil erosion, regulation of the microclimate 
or recreational values (Costanza et al., 2014). Hence, if the aim is to 
value land use decisions properly, a more holistic definition of value 
must be applied which is generally referred to as Total Economic Value 
in environmental economics (Plottu and Plottu, 2007). The challenge of 
empirically measuring the value obtained from these ecosystem services 
lies in their public characteristics, which implies that markets will not 
provide direct information on the value society places on these services 
(Lechthaler and Vinogradova, 2017). Due to restricted observability of 
these benefits through market outcomes, explicit econometric methods 
are required to capture the full range from which society benefits from 
land use interventions. These approaches, generally referred to as 
environmental valuation methods, consist of econometric techniques 
that indirectly commodify the ecosystem services provided by the land 
use type in question. This review will outline and illustrate these 
different approaches in the land-use literature. 

2.3. Combination of empirical and mechanistic modelling 

An interesting insight in the field of land-use modelling is the com-
bination of empirical and mechanistic models recently applied to ach-
ieve a higher level of understanding about decision making. Gosling 
et al. (2020) applied a novel approach for evaluating land use systems 
from the farmer perspective. The approach simultaneously considers 
multiple objectives and the effect of land-use diversification within a 
farm, based on knowledge and perceptions of local farmers and 
normative optimisation. Similarly, Yeh et al. (2020) develop a dynamic 
bioeconomic analysis framework that combines dynamic optimization 
and dynamic structural econometric estimation for pest management. 

Combinational approaches seem to deliver more plausible evidence 
about decision making. The actual combination of both approaches 
constitutes an interesting insight inwards formerly mutually exclusive 
approaches applied to land-use modelling. Several trade-offs could be 
overcome when applying a combination of econometric and mechanistic 
modelling. Econometric models enable us to understand landowner's 
behaviours towards land-use policies more proficiently than mecha-
nistic modelling, especially those based on persuasion, as suggested by 
Janssen and van Ittersum (2007). Similarly, Ochoa et al. (2019) indicate 
that many mechanistic bioeconomic models often disregard further 
drivers of land-use allocation and management. 

While empirical models establish statistical relations between 
selected variables related to land use management; Flichman et al. 
(2011) suggest that empirical analysis may not be appropriate to assess 
cause-effect relations, as often the relation among variables is not 
necessarily linear. Kragt (2012) notes that a drawback of regression 
models are their large data requirements, which are often lacking for 
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environmental variables. Janssen and van Ittersum (2007) further notice 
that regression models may not easily predict alternative future sce-
narios beyond their limits and fail to include feedback between changes 
in production and environmental conditions. 

Mechanistic models, on the other hand, are ideal for ex-ante policy 
analysis at difference with empirical models which are more useful for 
ex-post assessments (Schönhart et al., 2016). While empirical modelling 
attempts to illustrate the influence of well-understood processes on the 
behaviour of the system of interest, evidence suggests that mechanistic 
modelling characterizes and understands theoretical processes that 
control the behaviour of the system more proficiently. 

3. Modelling approaches and empirical knowledge 

3.1. Mechanistic modelling 

Mechanistic modelling has evolved tremendously regarding factors 
such as uncertainty, time and spatial scales. In this section, we explore 
how progress is being adopted within this field to elaborate more 
comprehensive and inclusive land-use models, which are able to predict 
landowner's decisions and preferences in a more proficient way than 
previous studies. 

3.1.1. Uncertainty 
The predictive capability of a mechanistic model can be determined 

and then improved via uncertainty analyses. The management of un-
certainties is one of the main challenges in land-use management. In 
order to integrate uncertainties, two approaches have been applied to 
bioeconomic models: stochastic and deterministic modelling. Even 
though both of them apply mathematical representations of the pro-
cesses that control the behaviour of the system, they differentiate from 
each other in that deterministic models make predictions without 
considering any randomness in the distributions of the variables. Sto-
chastic modelling has been applied on a more regular basis to problems 
related to land-use. While most applications aim to maximize income 
concerning innovations on farming practices (Acs et al., 2009; Alary 
et al., 2016), agri- environmental policies (Semaan et al., 2007; Doole 
et al., 2013) and climate change (Behrendt et al., 2016). Other appli-
cations consider portfolio optimization in forestry (Clasen et al., 2011; 
Härtl et al., 2013; Griess and Knoke, 2013) and agriculture (Castro et al., 
2015; Knoke et al., 2015). 

Deterministic modelling also known as non-stochastic programming 
integrates uncertainty as parameter variation by using pre-defined 
possible parameter ranges over which optimization is carried out, 
resulting in robust solutions (Knoke et al., 2015). Non-stochastic 
modelling has gained more attention recently, due to its convenience 
when scarce information about the variables is available. Applications of 
non-stochastic modelling for land-use allocation include Knoke et al. 
(2015), who proved that non-stochastic modelling can deliver as plau-
sible results as stochastic modelling to integrate uncertainty. Knoke et al. 
(2016) applied a non-stochastic approach to analyse how compositional 
diversity of tropical lands supports multiple ecosystem services and 
buffer uncertainties. 

3.1.2. Time scale 
Most natural resource problems involve sequential, risky and irre-

versible decisions. A model in which the dependent variable is a function 
of time is known as dynamic, otherwise, the system is static. According 
to Blanco-Fonseca et al. (2011), if a model considers all the periods 
included in the planning horizon, an intertemporal optimization holds. 
Intertemporal models can follow a deterministic and stochastic 
approach. Stochastic dynamic models contain knowledge of the future 
in terms of probabilities of states of nature and optimize a utility func-
tion. Behrendt et al. (2016) applied stochastic dynamic programming to 
identify optimal management decisions that achieve maximum eco-
nomic sustainable yields from grasslands under climate risk. Other 

applications of stochastic dynamic modelling for land use problems are 
described in the literature for stochastic dynamic non-linear program-
ming are Härtl et al. (2013) and Liu et al. (2016) for mixed integer non- 
linear programming. 

Dynamic recursive models, another way to solve dynamic models, 
optimize over the whole period taking into consideration interactions 
across years, they use end values of the previous year as the starting 
point for next year optimization (Janssen and van Ittersum, 2007) (for 
an example of a dynamic recursive model see Barbier and Bergeron, 
1999). Recursive linear programming has been used in studies related to 
land use to forecast the effect policies may have on land allocation and 
management (Piorr et al., 2009). 

Spatial scales. 
Flichman and Allen (2015) suggest that models can be applied at 

several spatial scales addressing multiple land-use issues. At the farm 
level, the farm system is considered as a decision unit of the agricultural 
system. This method allows understanding the functioning of the pro-
duction unit and the interactions between production activities. The 
farm-level approach is mainly used to address environmental policy 
questions (Acs et al., 2009), the sustainability of farms (Alary et al., 
2016), and to help farmers to manage their production systems (Doole 
et al., 2013). 

Landscape models address the effects of land-use intensity and 
landscape development. This modelling approach addresses several 
methodological challenges such as model evaluation, data availability, 
trade-offs between model complexity, size and dynamics, and the link-
ages to disciplinary knowledge (Schönhart et al., 2016). This approach 
contributes to closing a methodological gap in the scientific literature by 
allowing for spatial modelling of landscape elements (Cao et al., 2012; 
Masoumi et al., 2020). However, it requires high-resolution landscape 
data that could be restrictive in some contexts. 

National or regional models aim to optimize the total production of a 
specified region in relation to its technical options and economic and 
social aspirations (Flichman and Allen, 2015). Regional-scale analysis 
provides the possibility of integrating the interactions and competitions 
between farms (e.g. labor and land). This type of modelling presents 
some challenges because they account for the diversity of production 
systems in the region. Farm diversity is reduced to a typology which is 
extrapolated to the whole region studied. The use of representative 
farms is still an approximation of reality and depends on the available 
data, which leads to an aggregation bias that must be minimized 
(Chopin et al., 2015). 

As bioeconomic modelling can be applied at various spatial and 
temporal scales, methods vary tremendously depending upon the unit of 
analysis (Ewert et al., 2011). The brand of spatial optimization is rapidly 
developing over the last few years. Spatial optimization integrates 
geographic information systems and mathematical models (Ligmann- 
Zielinska et al., 2008). The utility of optimization as a normative tool for 
spatial problems is widely recognized (Cao et al., 2012). Spatial opti-
mization makes it possible to integrate macroeconomic indicators such 
as the gross domestic product with spatial aspects (e.g. geological, 
ecological and land-use conversion) and land use planning indicators 
such as compactness and accessibility (Jendrzejewski, 2020). 
Throughout the review, we found out that multi-objective research is 
becoming popular among land-use scientists interested in regional 
studies, as integrated approaches enable to allocate land optimally to 
meet sustainability requirements comprehensively (Rădulescu et al., 
2014; Townsend et al., 2016; Cortez-Arriola et al., 2016). Ren et al. 
(2017) applied multiple-goal programming to develop a model for water 
allocation for irrigation and land resources under uncertainty for a re-
gion in China. This type of modelling applies metaheuristics approaches 
such as evolutionary and genetic algorithms (Cao et al., 2012; Bahri 
et al., 2018). 
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3.2. Econometric modelling 

A critical structural determinant of econometric models that assess 
the impact of land use interventions is the level of spatial aggregation. The 
literature generally defines three categories of spatial resolution which 
are (i) aggregate spatial data, (ii) plot-level data, and (iii) spatially 
explicit data obtained through remote sensing. Models that use aggre-
gate spatial data, typically consider units of observation that aggregate 
information beyond the scale of the decision-making unit such as 
counties or districts. Model outcomes are usually specified as land al-
locations in terms of share of lands in specific uses such as crops, pasture, 
forest and urban. As summarized by Plantinga (2015), in order to 
aggregate individual land-use decisions at the required scale, assump-
tions are typically imposed such as representative land-owners and 
constant returns to scale (Fezzi and Bateman, 2011). Using aggregated 
data in econometric models comes at the cost of losing potentially 
relevant variation at a higher resolution such as land productivity as 
well as other economic characteristics at the level of decision-makers. 
The precision of estimates can be increased by considering plot-level 
data which are more proportionate with the scale of the decision- 
making unit. These models typically build on microeconometric 
discrete choice approaches such as multinomial logit models that allow 
to model probabilities of transition between different land-use types as a 
function of economic variables. As an example, Lubowski et al. (2006) 
use microdata on landowner decisions in the USA to simulate landowner 
responses to carbon sequestration policies. Econometric estimations are 
based on a repeated panel survey of land use and land characteristics 
that allow modelling probabilities of choosing different land-use alter-
natives. Using plot-level data, Lewis and Plantinga (2007) investigate 
the impact of subsidies for afforestation in South Carolina by modelling 
transition probabilities between land use alternatives as a function of 
expressed market returns. 

With the increasing public availability of remotely sensed informa-
tion, the use of spatially explicit data in econometrics has increased 
dramatically during the last decade. This applies to economic studies in 
general (Henderson et al., 2009) as well as to land-use applications in 
particular (Kuenzer and Tuan, 2013). As shown by Donaldson and 
Storeygard (2016), the main advantage of remotely sensed information 
used in econometric studies is principally due to the low-cost availability 
of panel data with unusually high resolution and wide geographic 
coverage. Econometric studies looking at the impact of land use policies 
have exploited these advances in measurement precision during the last 
years: using satellite data, Burgess et al. (2012) investigate the associ-
ation between institutional change and deforestation in Indonesia. Using 
a discrete choice approach, Scott (2014) investigates how agricultural 
policy in the USA influences farmers' land-use decisions. Or in urban 
economics, Matthew et al. (2014) use satellite data to assess the impact 
of land use regulations in the USA. 

The aim of econometric approaches addressing the wider value 
resulting from land use decisions is to accurately portray the total eco-
nomic value different types of land use hold which requires a particular 
methodological focus on indirect benefits provided through ecosystem 
services. Many comprehensive reviews on such valuations exist (Atkin-
son et al., 2012). Applying a meta-analysis, de Groot et al. (2012) show 
that the average total economic value for temperate forests amounts 
USD 3013 per ha and year, which compares to USD 2871 per ha and year 
for grasslands. In order to econometrically capture indirect values, 
different techniques have been brought forward with the development 
of environmental valuation discipline, among which the most important 
are stated preferences methods, revealed preferences methods, and 
production function approaches (Perman et al., 2011) which all entail 
different scopes of application and empirical challenges. 

Stated preference methods rely on survey techniques which aim at 
deriving willingness to pay or willingness to accept from potential 
beneficiaries to measure economic values. Being based on hypothetical 
scenarios, these methods have a wide scope of applications, as they can 

measure use as well as non-use values of natural resources (Perman 
et al., 2011). The latter involves intrinsic benefits arising from the ex-
istence of the natural resource without requiring any physical interac-
tion with the user such as existence and bequest values of preserving 
ecosystems for future generations (Deb, 2014; Riddel and Douglas Shaw, 
2003). For land-use and agricultural applications, contingent valuation 
(e.g. Novikova et al., 2019) and choice experiments (e.g. Lechthaler and 
Vinogradova, 2017; Carlsson et al., 2003) represent well-established 
survey-based methods. In forest-related applications a broad array of 
contingent valuation studies confirm that people are willing to pay for 
forest ecosystem services including protection (Kramer et al., 2003; Liu 
et al., 2019). The critical factor is the development of a survey design 
that allows to correctly estimate values for hypothetical services by 
eliciting reliable survey responses, which implies that the service must 
be explained in a way that is scientifically accurate and meaningful for 
the survey participant (Heal, 2000). Corresponding challenges have 
been widely discussed in the economic literature (Fearnley et al., 2008) 
and specifically related to applications to land-use preferences (Dach-
ary-Bernard and Rambonilaza, 2012). 

Revealed preference methods consist of econometric techniques that 
aim at deriving values for ecosystem services from observed behaviour, 
among which the most important are travel cost methods and hedonic 
pricing. A major restriction is the limitation on the use value: as shown 
by Barbier (2007), travel cost methods are mostly applied to ecosystem 
services related to recreational and tourism-related benefits. The valu-
ation principle builds on the analysis of information on travel behaviour 
to the recreational site (for example a protected area) which allows 
estimating a demand function by linking travel costs (price and distance) 
to the number of visits. The hedonic pricing approach is focused on 
environmental impacts of property values. A frequent application is the 
estimation of amenity values associated with proximities to green spaces 
and habitat types (Gibbons et al., 2014). Spatial regression models are 
typically used to analyse spatial patterns and potential impacts of 
environmental characteristics (such as forests, rivers, landscape di-
versity etc.) on market prices of properties. As an example, the price of 
coastal erosion and flood risk can be evaluated by statistically assessing 
the impact of unfavourable location on property values (Catma, 2021). 

Production-function approach: this strand of economic valuations 
builds on production properties of marketed goods and services which 
directly rely on the quality of ecosystem services as productive inputs 
acting as arguments in a firm's production function (Barbier, 2000). This 
is particularly suitable for situations where these land use services 
support or protect economic activities such as storm protection services 
of coastal wetlands (Barbier, 2007), habitat services of estuarine wet-
lands for crab fishery (Ellis and Fisher, 1986), or biodiversity and carbon 
sequestration in tropical forests (Boscolo and Vincent, 2003). While the 
valuation of the final market output is typically straightforward, the 
challenge here lies in the measurement and isolation of the underlying 
ecological production function (Atkinson et al., 2012). 

4. Applications of bioeconomic modelling for land-use 
management 

Alterations in land-use coupled with the consequences of climate 
change have led to severe degradation of land around the world 
compromising ecosystem services provision. Once natural resources are 
underway, their recovery may take long periods of time. Sustainable 
resource management enhances natural processes by either avoiding or 
slowing down degradation processes. Bioeconomic modelling has been 
applied in recent years in order to support prevention and mitigation 
strategies by integrating decision makers within the equation. In this 
section, several applications of bio-economic modelling aiming for 
improved resource management are presented. We want to bring 
attention to the fact that including the socio-economic aspect may have 
an enormous impact on management decisions as well as policy 
implementation. 
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4.1. Integrated pest management 

Even though species distribution models have multiple benefits in 
estimating and projecting species distributions, uncertainties as result of 
incomplete knowledge of the species and errors in the specification of 
the model are frequent (Srivastava et al., 2019). In order to reduce the 
risk of adverse uncertainties, tools such as Monte Carlo simulation have 
been introduced to produce probabilistic and spatially explicit results. 
Yet, economic assessment has received less attention, despite the 
tremendous costs related to vegetation management. 

In order to improve this situation, McDermott et al. (2013) devel-
oped a model combining economic, ecological, and sociological factors 
to assess the degree to which economic policies can be used to control 
invasive plants. They applied a dynamic optimization framework to 
model invader spread using Linaria vulgaris. Model simulations allowed 
them to determine optimal management strategies based on net benefits 
for a range of invader densities. Intervention at low densities did not 
affect net benefits, suggesting the importance of early detection and 
eradication. On the other hand, at the highest densities, the optimal 
management strategy of “do nothing” was the best choice, because the 
economic costs of removal were too high compared to benefits of 
removal. 

Marten and Moore (2011) applied a continuous time stochastic dy-
namic programming model to analyse control strategies for managing 
the hemlock woolly adelgid infestation in western North Carolina. They 
confirm the importance of early detection and eradication, as the 
introduction of predators are sufficient to maintain acceptable 
non-native invasive species population levels as long as the infestation 
can be detected and controlled without delay. They reported that a more 
expensive strategy of simultaneous chemical and biological control was 
necessary, when the invasive species population reached relatively high 
levels before controls were implemented. 

4.2. Water management 

Concerning water management, three strands of economic models 
are becoming more important. These models integrate the economic 
processes with hydrological processes to maximize the economic benefit 
from water supply. The following models deal with water issues from 
different perspectives: i) valuation methods ii); optimization models and 
iii) integrated hydro-economic models (Zhu and van Ierland, 2012). 

Zhu and van Ierland (2012) implemented an integrated modelling 
framework for water management. They applied the welfare program to 
maximize social welfare subject to the economic and ecological con-
straints, where interactions, emissions and environmental impacts were 
incorporated. They found that efficiency can be achieved by reserving 
water in the high season for times of high demand in the low season, and 
by introducing a policy of price differentiation between the two seasons. 

Dellink et al. (2011) developed an integrated bio-economic model to 
assess the impacts of policies for pollution reduction on water quality 
and their economic effects. They found that the stricter the policy sce-
nario, the more important the role of economic adjustment and 
restructuring mechanisms at the macro-economic level. Similarly, 
Bhattarai et al. (2008) studied how changes in land-use affect water 
quality and revenues (e.g. agricultural and forest). They combined a 
biophysical model to estimate the effect in nitrogen and phosphorus 
runoff and sediment deposition, together with a farm enterprise budget 
to estimate the economic returns resulting from land use changes. Their 
results showed that changing from forest to agricultural land or from 
wetlands to pasture land has great impacts on water quality, including 
the quantity of surface flow, nutrient runoff and sediment loadings. 

4.3. Forest protection 

A growing body of literature suggests a need to incorporate both 
complementary and competitive relationships among multiple 

objectives into conservation investment decisions. Mönkkönen et al. 
(2014) used a multi-objective optimization approach to determine the 
potential of a forest landscape to simultaneously produce habitats for 
species and economic returns, and how the conflict between habitat 
availability and timber production varies among taxa. Seven alternative 
management regimes were tested, from the recommended intensive 
forest management regime to complete set-aside of stands and ten 
different taxa representing a wide variety of habitat associations and 
social values. Their results demonstrate the possibility to achieve large 
improvements in habitat availability with little loss in economic returns. 
Lee et al. (2021) applied a multi-objective optimization framework to 
examine complementary and competitive relationships among objec-
tives of PES. Their findings imply that conservation agencies involved in 
PES planning should be cautious about the negative consequences on 
distributional equity. 

4.4. Natural hazard 

It is widely recognized that forest management affects the frequency 
and severity of natural hazards such as forest wildfires, storms and pest 
infestations. Given these relationships, stand management strategies not 
only play an important role in the profitability of forestry, but also as 
effective risk management tools. Concerning this topic, Griess et al. 
(2012b, 2012a) explored the effect of diversification on stand resistance 
against natural hazards. According to their study survival probability is 
enhanced in mixed stands compared to monocultures. This information 
is essential for possible compensation of financial risks between tree 
species. Roessiger et al. (2013) developed a modelling approach which 
combined survival probabilities for spruce with financial optimization, 
this approach showed a considerable reduction in financial risk in spruce 
(stands with an admixture of a 20% proportion of beech. The admixture 
enhanced the stability of the spruce component against natural hazards, 
such as storm or insect damage. 

Halbritter et al. (2020) conducted an economic analysis of thinning 
and rotation length in even-aged forest stands in the presence of stand- 
age and stock-density dependent natural risk, under the consideration of 
damages to human lives, human health and infrastructure. They found 
that when choosing the optimal timber stock path, the impact of risk on 
future net revenues from timber must be considered. Under density- 
dependent risk, the stock volume influences the arrival rate of a natural 
hazard and, with it, the chances for expected future returns. In cases of 
complete stand destruction, a forest owner still has the possibility to sell 
the land at market price and pay for the damage to human lives, human 
health and infrastructure. 

Soil Management. 
As we have seen throughout this review, soil quality is an important 

determinant of land-use productivity, farm resilience and environmental 
quality. Despite its importance, many economic models still neglect 
sustainable soil management aspects within their construction. The 
complex nature of soil quality and the interactions with farm manage-
ment highlight the need for decision-support via bio-economic farm 
models. Kik et al. (2021) conducted a research that approaches farmers 
as decision makers on soil management. The study provides an overview 
of soil quality management and crop production management linked to 
economics. It also provides a basis for policies to enhance sustainable 
soil management. In this research economic value of sustainable soil 
management is defined as the difference between a sustainable and 
unsustainable economic value of land, which is calculated as the cu-
mulative returns of a piece of land over a period in time. 

Soil erosion is one of the most widespread forms of land degradation 
throughout the world and a major threat to sustainability of land-use 
systems. Louhichi et al. (2010) conducted a study to estimate the 
amount of soil erosion generated by a cropping system and to assess the 
economic and ecological impacts of policy instruments designed to 
handle this problem. A bio-economic modelling framework coupling the 
biophysical model EPIC to a non-linear dynamic programming farm 
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model was used for this impact analysis. The main finding of this 
research is the non-convexity of the crop yield-soil erosion space. In 
terms of policy options and because of giving up convexity assumptions, 
incentive anti-erosive measures appear more efficient than conventional 
environmental policies such as Pigouvian taxes. 

We can see that many researchers consider their models incomplete 
when integration of biophysical information is not contrasted with the 
economic and social consequences that result from management prac-
tices and policy interventions suggested by scientists to improve land- 
use management. 

5. Bridging research and praxis 

Throughout this review, we acknowledge that landowners and pol-
icymakers have to deal with complex problems involving decisions 
across land use, which involve interdisciplinary research. The need for 
integration is increasingly recognized by information users, who 
acknowledge that single-discipline studies are insufficient to meet policy 
needs on key concerns such as biodiversity, ecosystem services, climate 
change or food security. As Lund et al. (2017) points out, the con-
struction of models is only part of the process, other important parts are 
carried out after the modelling phase. A further task is thus, to design 
implementation strategies and policy innovations on the basis of the 
modelling results, which may be appealing to social actors. 

We have observed that in spite of the fact that land-use models 
identify potential farmerś reactions to innovations and policy options, 
they rarely participate in their design. As a consequence, most of the 
time models result too complex or do not address their questions (Dupré 
et al., 2021). Kaim et al. (2018) recommend carefully considering the 
right moment for inclusion of stakeholders, which can vary depending 
upon the approach. There is an urgent need for enhanced communica-
tion platforms and cooperation between scientists and key agricultural 
stakeholders to establish open dialogues between agricultural research, 
practice, and policy (Maas et al., 2021). 

Challenges to involve public actors during the process of modelling 
depend on participants' time, skills and reachability (Basco-Carrera 
et al., 2017). Maas et al. (2021) highlight that conservation-oriented 
motivations of farmers depend upon several factors such as access to 
information, as well as individual demographic factors, such as higher 
education and attitudes towards biodiversity. They found that percep-
tions about biodiversity and ecosystem services differ meaningfully 
between farmers and scientists. Farmers attribute significantly less 
importance to most ecosystem services than scientists. 

Farmers finding traditional scientific communication sources to be of 
low importance for agricultural decision making indicates an alarming 
information gap affecting the implementation of scientific evidence into 
practice (Maas et al., 2021). When analysing the transferability of bio-
economic models, Reidsma et al. (2018) observed that only a small 
percentage of studies provided detail on the model for further applica-
tions. Most of the studies skipped details on equations, activities, con-
straints or input-output-coefficients, making impossible the re-use of the 
model. Even though the majority of the reviewed studies explicitly 
assessed one or more policies with a farm model, only 23% of the 184 
studies involved stakeholders. 

In order to enhance the overall adoption of bioeconomic models and 
transferability to policy making, we agree with other authors (Reidsma 
et al., 2018; Dupré et al., 2021; Maas et al., 2021) that the following 
steps are necessary: i) enhanced interdisciplinary research and public 
actors involvement, ii) initiatives and communication platforms to 
provide more accessible information, and iii) different stakeholder 
groupś perception in the design and application of policy instruments 
and decision support tools. 

5.1. Interdisciplinarity 

Decision support needs to be based on integrated models 

underpinned by appropriate interdisciplinary research. A major 
constraint is the development of sufficiently effective interdisciplinary 
research teams (Bergez et al., 2010). As defined by Brown et al. (2015), 
collaboration among scientists from biophysical and social sciences can 
be challenging at the early stages of collaboration. Biophysical re-
searchers mostly perform quantitative research, whereas social science 
can be qualitative or quantitative, and also use interpretative validation 
approaches. This situation may have implications in terms of theory and 
data collection since biophysical and social researchers collect different 
types of information. We considered that sustainable land-use planning 
demands sound teams with different backgrounds like farmers, conser-
vationists and policy makers. To overcome such incompatibilities, Kragt 
et al. (2016) suggest that integrated modelling needs facilitators able to 
work in interdisciplinary projects with better social, managerial, and 
communication skills than common scientists. 

Models have high integrity because they follow mathematical stan-
dards. Nonetheless, conclusions and insights offered by the model are 
restricted and even determined by the original assumptions made by the 
researchers. So, if the initial assumptions made are wrong or incomplete, 
despite the logical integrity of the model, conclusions will be 
misleading. A good conceptualization of a bioeconomic model is only 
possible if an interdisciplinary team works together identifying the 
variables and the feedback that intervene within the system (Kaim et al., 
2018). 

5.2. Communication platforms 

Because bioeconomic models use several sources of information it is 
important to standardize protocols for collecting and processing infor-
mation. One of the main challenges for integrated bio-economic 
modelling is the lack of common protocols and approaches, which are 
difficult to balance social, economic, and environmental considerations 
(Beder, 2011). Challenges arise from differences in terminology, 
incompatible data and methodological differences, limited experience 
with interdisciplinary research, and the lack of recognition in the aca-
demic merit system (Kragt et al., 2016). 

Moreover, Maas et al. (2021) highlight that farmers find traditional 
scientific communication sources to be of low importance for agricul-
tural decision-making. The low perceived importance of scientific evi-
dence should be taken very seriously by both scientists and policymakers 
in the mode and accessibility of their methods for communicating in-
formation. To improve stakeholder involvement several approaches 
have been developed. Dupré et al. (2021) implemented a nine-step 
participatory modelling process involving regional policymakers and 
the contribution of this process to the cross-brainstorming between 
policymakers and researchers. The approach proved to be relevant for 
exchanging knowledge between public actors and researchers, 
regarding in particular innovative farming systems, farm diversity and 
multi-criteria evaluation of policy choices. 

5.3. Stakeholder involvement 

Kaim et al. (2018), suggest three options for actor involvement: 
before (a priori), during (interactive) or after (a posteriori) the optimi-
zation process. For an example of priori approaches, we recommend 
Uhde et al. (2017). They compared land-use portfolios derived from two 
approaches, expert valuation and robust optimization. Forest experts 
were asked to score six important ES indicators and biodiversity for 
forest stands with either exotic or native tree species. Average scores and 
their variation were used to form an optimal forest portfolio, as well as 
quantitative indicators. Their results confirmed that portfolios based on 
expert opinions did not differ significantly from portfolios based on 
quantitative indicators. These findings suggest that the opinion of ex-
perts and stakeholders might be extremely helpful to understand deci-
sion making and land allocation, and later adoption from land users. 

Multi-criteria approaches represent versatile applications of 
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bioeconomic modelling as they enable the integration of stakeholder 
perceptions. Knoke et al. (2020) carried out a study that aligned silvi-
cultural scenarios with plausible decision criteria and uncertain atti-
tudes of different forest managers or stakeholders. The approach allows 
for optimising harvesting regimes and tree species composition simul-
taneously, which is novel for the case of considering multiple criteria, 
uncertain input data and biological interactions. What constitutes 
appropriate land-use management depends on the perspective of the 
decision-maker. The decision-makers' expectations of the future are also 
important, especially the degree to which they tolerate uncertainty in 
their decisions. 

Most models set objectives and constraints according to a single 
stakeholder perspective, either farmer or policy maker. Yet the nature of 
land-use issues calls for a more rounded consideration of environmental 
and social dimensions. Knoke et al. (2020) recommend considering 
multiple stakeholder perspectives rather than one, because often goals 
may conflict among social actors. Under these circumstances a high level 
of negotiation might be necessary, especially when private farmers' 
goals affect social interests. Dupré et al. (2021) consider that an inte-
grated assessment is possible using multi-objective optimisation tech-
niques, but there is a risk that this process could be too complex for a 
participatory approach. Knoke et al. (2020) developed a theoretical 
multiple-objective model addressing the preferences of three parties 
(farmer, conservationist, and policy maker). Land-use allocation vary 
significantly when considering socio-economic goals alone (the farmer's 
perspective) compared to models where ES and also biodiversity con-
servation are to be included, as societal demands. Such processes need to 
be tested in the future to assess their feasibility for real-world applica-
tions integrating multiple actors' perspectives before, during or after 
bioeconomic modelling is implemented. 
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Ochoa, W.S., Härtl, F., Paul, C., Knoke, T., 2019. Cropping systems are homogenized by 
off-farm income – Empirical evidence from small-scale farming systems in dry forests 
of southern Ecuador. Land Use Policy 82, 204–219. 

Pacini, C., Wossink, A., Giesen, G., Huirne, R., 2004. Evaluation of sustainability, 
integrated and conventional: a farm and field scale analysis. Agric. Ecosyst. Environ. 
102, 349–364. 

L.M. Castro and F. Lechthaler                                                                                                                                                                                                               

http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0205
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0205
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0205
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0210
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0210
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0210
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0215
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0215
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0215
https://doi.org/10.1093/ajae/aar037
https://doi.org/10.1093/ajae/aar037
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0225
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0225
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0230
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0230
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0230
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0230
https://doi.org/10.1007/s10640-013-9664-9
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0240
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0240
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0245
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0245
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0245
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0250
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0250
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0250
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0255
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0255
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0255
https://doi.org/10.1016/j.ecoser.2012.07.005
https://doi.org/10.1016/j.ecoser.2012.07.005
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0265
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0265
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0265
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0270
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0270
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0275
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0275
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0280
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0280
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0285
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0290
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0290
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0295
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0295
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0295
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0300
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0300
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0305
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0305
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0305
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0310
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0310
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0315
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0315
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0315
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0320
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0320
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0325
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0325
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0330
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0330
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0330
https://doi.org/10.2307/1349457
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0340
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0340
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0345
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0345
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0350
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0350
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0350
https://doi.org/10.1038/ncomms11877
https://doi.org/10.1038/ncomms11877
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0360
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0360
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0360
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0360
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0360
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0360
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0360
https://doi.org/10.1016/j.ecoser.2020.101147
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0370
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0370
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0370
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0370
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0375
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0375
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0375
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0380
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0380
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0380
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0380
https://doi.org/10.1016/j.apgeog.2013.08.012
https://doi.org/10.1016/j.apgeog.2013.08.012
https://doi.org/10.1016/j.euroecorev.2017.02.002
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0395
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0395
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0395
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0400
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0400
https://doi.org/10.1016/j.reseneeco.2010.04.012
https://doi.org/10.1080/13658810701587495
https://doi.org/10.3390/su11164500
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0420
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0420
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0420
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0425
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0425
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0425
https://doi.org/10.1007/s10818-010-9082-9
https://doi.org/10.1016/j.jeem.2005.08.001
https://doi.org/10.1016/j.jeem.2005.08.001
https://doi.org/10.3390/en10070840
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0445
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0445
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0445
http://refhub.elsevier.com/S0925-8574(21)00304-9/optZ1g7F5yXPx
http://refhub.elsevier.com/S0925-8574(21)00304-9/optZ1g7F5yXPx
https://doi.org/10.1016/j.jeem.2013.02.003
https://doi.org/10.1007/s00500-019-04182-1
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0460
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0460
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0460
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0465
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0465
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0465
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0470
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0470
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0470
https://doi.org/10.3390/su11092648
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0480
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0480
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0480
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0485
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0485
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0485
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0490
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0490
http://refhub.elsevier.com/S0925-8574(21)00304-9/rf0490


Ecological Engineering 174 (2022) 106449

10

Perman, Roger, Ma, Yue, Common, Michael S., Maddison, David, McGilvray, James, 
2011. Natural resource and environmental economics, 4. ed. Pearson Education 
Limited, Harlow, Munich [u.a.]. Available online at. http://lib.myilibrary.com/detai 
l.asp?id=462963.  

Pfister, F., Bader, H.P., Scheidegger, R., Baccini, P., 2005. Dynamic modelling of resource 
management for farming systems. Agric. Syst. 86, 1–28. 

Piorr, A., Ungaro, F., Ciancaglini, A., Happe, K., Sahrbacher, A., Sattler, C., Uthes, S., 
Zander, P., 2009. Integrated assessment of future CAP policies: land use changes, 
spatial patterns and targeting. Environ. Sci. Pol. 12, 1122e1136. 

Plantinga, Andrew J., 2015. Integrating economic land-use and biophysical models. Ann. 
Rev. Resour. Econ. 7 (1), 233–249. https://doi.org/10.1146/annurev-resource- 
100814-125056. 

Plottu, Eric, Plottu, Béatrice, 2007. The concept of Total Economic Value of environment: 
a reconsideration within a hierarchical rationality. Ecol. Econ. 61 (1), 52–61. 
https://doi.org/10.1016/j.ecolecon.2006.09.027. 
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