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Abstract Microsimulation is widely used in economics to analyse the distributional effects of policy
and the behavioural responses of heterogeneous agents. In agricultural economics literature, farm-
level simulation and bioeconomic models have developed in parallel with farm level microsimula-
tion. These models operate at different scales but combine biological processes with economic and
policy factors. The modelling literature provides little systematic assessment of how these approaches
address economic and environmental outcomes in pasture-based agricultural systems.This paper
addresses the gap through a systematic review of 173 peer-reviewed modelling studies published
between 2000 and 2024. The analysis traces temporal and geographical trends in the literature,
reviews methodological choices, and assesses how economic and environmental outcomes are
modelled.The results shows that farm-level simulation approaches account for largest share of the
literature, followed by optimisation models, while microsimulation and macro-scale approaches are
less common. Most of the studies were at the farm-level and focus mainly on environmental outcomes,
particularly land use and greenhouse gas emissions. Policy modelling concentrated on conventional
production systems, while organic and low-input systems are underrepresented. Approximately half
of the reviewed studies originate from Europe, and macro-level approaches account for less than 10%
in literature.The literature exhibits a persistent pattern: models that handle farm-level heterogeneity
seldom connect to sectoral outcomes, while those designed for aggregation are seldom applied
to pasture-based systems. This limits the evidence base for policies that require both micro-level
behavioural responses and macro-level assessment. Closing this gap will require integrated frame-
works that couple farm-scale representation with sectoral or economy-wide models.

DOI: https://doi.org/10.34196/ijm.00338

1. Introduction
1.1. Background

Microsimulation is widely used in economics to evaluate distributional and behavioural responses to
policy change (Creedy et al., 2011; Bargain, 2017, Emmenegger and Obersneider, 2024, Bardazzi
et al., 2024)). The applications extend beyond households to other economic units, including firms
and farms (Vidyattama and Tanton, 2020, Axtell and Farmer, 2025, O’'Donoghue, 2017). Agri-
cultural production is shaped by public policy through subsidy regimes, regulatory frameworks, and
environmental constraints. As a result, modelling approaches that capture behavioural response at
the unit level are relevant in this sector. Farm-level simulation, and bioeconomic models have been
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evolving parallel to microsimulation models. Although they originate from different methodological
traditions, they share a common focus on simulating farm-level outcomes using unit-level data that
combine biological production processes with financial and policy parameters (Richardson et al.,
2014; Tanton, 2014).

A growing number of studies explicitly apply microsimulation to agricultural contexts. These
include models of forestry planting decisions in Ireland (Ryan and O’Donoghue, 2019), the agri-
cultural land rental market (Loughrey and Hennessy, 2022), farm irrigation decisions (Dinh et al.,
2019), and the Australian farmpredict platform, which has been recently extended with machine-
learning estimators (Hughes et al., 2019; Hughes et al., 2022). Vidyattama and Tanton (2020)
extend this to a spatial farm microsimulation for Australia, showing how shocks to farmer incomes can
be analysed at small-area level. In Brazil, microsimulation is used to assess the adoption of low-carbon
systems under preferential credit (Carauta et al., 2018). Montaud et al. (2017) applied a dynamic
CGE-microsimulation framework to evaluate the socio-economic consequences of climate variability.
Attitudinal heterogeneity is also examined in literature, showing farmer attitudes influence openness
to land transactions in Ireland (Geoghegan et al., 2021). These examples show the adaptability of
microsimulation across production systems, although applications remain fragmented across the agri-
culture modelling literature.

Micro-level modelling approaches used in pasture-based agriculture share features with micro-
simulation. These include farm-level simulation and bioeconomic models, as well as agent-based
models. Several of these approaches operate at micro level and are used to simulate counterfactual
responses to policy and market constraints. This creates a point of comparison with the microsimula-
tion literature, which similarly analyses heterogeneous units under policy constraints. Within produc-
tion economics and systems analysis, micro-modelling has evolved alongside periods of emphasis
on macro-scale approaches and has been used to examine firm-level behavioural and distributive
responses (Lee, 2019). The expansion of environmental and climate policy has further increased the
need for models that capture production responses and their environmental and economic outcomes
across scales (Eynde et al., 2024).

Pasture-based agriculture is a highly regulated sector that is subject to environmental regulations
and policy interventions aimed to reducing its environmental footprint. This regulatory and sustain-
ability context creates a need for modelling approaches that examine ex-ante policy impacts across
alternative scenarios (Mercure et al., 2016). These are the key strengths of microsimulation and farm-
level bioeconomic models. While these approaches share common features, they differ in scale and
in the way behavioural responses are represented. It is within this context that this review examines
how the modelling approaches have been applied to assess economic and environmental impacts of
pasture-based systems.

Earlier reviews have examined farm-level modelling in agriculture (O‘Donoghue, 2017, Rich-
ardson et al., 2014). Building on this work, the present review compares modelling approaches used
to analyse pasture-based ruminant systems. Pasture systems combine biological production processes
with significant policy and regulatory exposure, therefore provides a useful setting for examining
differences in modelling types, scale, and scope (Vannier et al., 2022; Vogeler et al., 2014). Pasture-
based livestock systems also occupy an important place in global food economy and contribute
substantially to global protein supply and rural livelihood and development (Alders et al., 2021,
Resare Sahlin et al., 2024). At the same time, the livestock sector and ruminant production systems
in particular are associated with greenhouse gas emissions, land use change and biodiversity loss, and
land degradation pressure (Kowalska and Bieniek, 2022, Mehrabi et al., 2020). These characteristics
have made pasture-based systems a focus of sustainability and policy debates, emphasizing the need
for modelling approaches that can account for their complexity and inform evidence-based policy
design.

Economic models provide a structured means of analysing the complexities of pasture-based agri-
cultural systems including trade-offs between production, environment, and policy. They include farm
level microsimulation (Hynes et al., 2009), as well as farm level optimisation and simulation models
(Kamilaris et al., 2020; Moraes et al., 2012) and, more recently, machine learning (Benavides et al.,
2023; McVey et al., 2023). Microsimulation in the pasture-based agriculture modelling literature
has the capacity to simulate heterogeneity in farm structures, behavioural responses, and the distri-
butional impacts of policy (Haydarov et al., 2024; O’'Donoghue, 2017) and is therefore of great
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potential to support the design of public policy in this policy intensive sector. However, microsimu-
lation remains underutilised modelling pasture-based systems than established approaches such as
simulation, optimisation, or econometrics (Hughes et al., 2022). Recent innovations show the use
of machine learning within microsimulation frameworks to improve predictive performance (Hughes
et al., 2022). Rahman (2019) proposed intelligent system design with bootstrapping to strengthen
validation.

Farm-level simulation and bioeconomic models have traditionally been treated as a separate
from microsimulation. The approaches nevertheless share several core features. Both operate at the
level of units and represent heterogeneity across production systems. They are also used to examine
responses to policy or environmental change under alternative scenarios. However, while microsim-
ulation has developed a distinct identity in economics and social sciences, (Figari and Paulus, 2015;
O’Donoghue, 2017) agricultural simulation models are more commonly associated with production
economics, biological processes, and systems analysis. This siloed development has at times limited
cross-fertilisation between the two literatures which have evolved largely in parallel. In this review,
they are coded and reported as distinct categories in the descriptive analysis and examined compara-
tively in the discussion but compared conceptually to clarify their relationship. One contribution of this
review is therefore to highlight the conceptual and methodological overlaps between these traditions,
positioning farm-level simulation models as de facto microsimulation tools within the agricultural field.
As such this review can be seen to build upon previous review article which applied a similar perspec-
tive (O’Donoghue, 2014).

The previous studies have examined modelling approaches used in pasture-based agricultural
systems. Richardson et al. (2014) reviewed farm-level microsimulation models from a policy perspec-
tive. The review shows regional differences in modelling choices, with programming models prevalent
in the EU and simulation models in the US. It emphasised the need for future research to strengthen
environmental linkages, heterogeneity, and connections with rural economy. Reidsma et al. (2018)
reviewed European applications, assessing farm models for policy evaluation in the EU and finds
limited use of models for policy evaluation. Their review also points to the need for improved data,
better model integration, and links between science and policy. van der Linden et al. (2020) assessed
sustainability in farm models and showed models were limited to Europe and had limited coverage
of social aspects. They recommend adapting and extending existing models toward integrated
approach. The reviews do not adopt a global perspective and give little attention to agroecological
farming practices farming practices that are increasingly emphasised in policy debates. They also do
not examine the role of microsimulation in pasture-based agriculture. This study provides a global
synthesis of economic modelling approaches for sustainability in pasture-based systems, considers
farm-level simulation within the microsimulation tradition.

To address this gap, we conduct a systematic literature review of 173 peer reviewed studies
published between 2000-2024 that model pasture based ruminant production systems with explicit
economic and/or environmental outcomes. The review examines three dimensions (a) temporal and
geographical trends (b) methodological choices regarding model type, applications, drivers, scales,
data, and validation, and (c) the treatment of economic, environmental, and social sustainability. The
paper proceeds as follows. Section 2 describes the methodology. Section 3 presents the results.
Section 4 discusses the findings, and Section 5 concludes.

2. The theoretical framework
This review treats pasture-based agriculture (Figure 1) as a socio-economic and biophysical system in
which external drivers influence farm decisions, resource use, and production. The framework identi-
fies the main variables discussed in the literature and provides a basis for classifying and comparing
modelling approaches. Time, geography, and population are treated as contextual conditions that
shape system responses (Agarwal et al., 2002).
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Figure 1 Conceptual framework of pasture-based agriculture.

2.1. External drivers of modelling sustainability in pasture-based
systems

The external drivers were conceptualised as exogenous parameters that shape the conditions under
which farms operate in pasture-based systems. Five categories of these external influences were
distinguished as a way to show their connection to the system. To begin with, policy instruments
shift farm system constraints through subsidies, agri-environmental measures, or regulations (Bernini
and Galli, 2024; Cillero and Reafios, 2023; Macgregor and Warren, 2006; Mooney et al., 2024).
This influences the system and feeds into outcome of farm system. Most importantly, market condi-
tions determine price signals, as well as demand shifts, thereby influencing the intensity and type of
production within pasture-based system (Ayvaz Cavdaroglu et al., 2021); Bonroy and Constan-
tatos, 2015). Environmental and climatic factors are viewed to act as stochastic shocks to yields
that produce nonlinear fluctuations in output (Deschénes and Greenstone, 2007, Emediegwu and
Ubabukoh, 2023). These changes are more often negative, difficult for economic agents to model
and forecast accurately and strongly determine pasture growth, soil quality, and water availability
(Olesen and Bindi, 2002). Technological change alters productivity parameters and the relationship
between inputs and outputs within the production process (Just et al., 1979, Huang and Wang,
2024). In this context technology is defined to include genetic improvements and precision systems
that alter productivity and farm cost structures (Connor, 2015; Sonea et al., 2023). Finally, socio-
demographic structures, such as labour supply and succession influence farm management capacity
(Corsi et al., 2021; Ji et al., 2018). These are key drivers of farm level and sectoral decision making.
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2.2. Farm system Boundary

In this review, the farm system is defined as the micro-level production unit capturing the set of
endogenous variables that determine farm-level production, management, and economic outcome.
Household decision-making is embedded within this unit, while interactions with other economic
actors are represented at higher levels of aggregation. Within the boundary, we define interrelated
components which form the systems. The most clear one in our context is resources such as land, soil,
water, pasture biomass (Lal, 2023), which contributes to production or inputs. Then we also concep-
tualize ruminants to represent the biological component, defined by herd size, animal physiological
status (including morbidity and mortality risk), and productivity (Hutchins et al., 2024). The third
variable we conceptualise was biophysical processes within the pasture-based farm system boundary.
These include nutrient cycles, biodiversity, and carbon flows, often measured at field level (Schreefel
et al., 2022). The fourth variable within the boundary we identify is management practices which in
our context include input use intensity, strategy of grazing, and system type classified as conventional,
low input, or organic (Moscovici Joubran et al., 2021, Samuel and Dines, 2023, Steinmetz et al.,
2021). Then finally, farm economics which cover revenues farmers receive, farm costs, investment and
importantly financial resilience (Spicka et al., 2019).

These components constitute the endogenous variables of farm-level analysis and together form
the state vector of the farm at a particular point in time (Manners et al., 2025; van Mourik et al.,
2021). Different modelling traditions conceptualise them in distinct ways for instance, optimisation
models treats them as inputs to a profit maximising production function (Addis et al., 2021); while
bioeconomic models incorporate biological dynamics and economics (Schmidtmann et al., 2021);
and microsimulation focuses on heterogeneity of the farm, and distributional incidence and recently
environmental aspects.

2.3. Production

In this review production was conceptualised as the mapping of inputs and management choices into
outputs of pasture-based production systems. It is seen as a connection between the farm system
and sustainability outcomes. This segment describes how land, forage, labour, and capital can be
converted into marketable outputs such as meat for beef systems. Production can be specified biolog-
ically, through feed-growth-yield functions, or economically, as the outcome of constrained optimi-
sation (Patton et al., 2012). Heterogeneity in resources and farm practices also leads to variation
in production across farms. Policy instruments and market prices as external drivers can rotate or
shift production possibilities, while technological innovation shifts this outward. At aggregated levels,
pasture-based agricultural production is treated as sectoral supply, linked to upstream inputs and
downstream accounts, and can be extended environmentally to account for emissions or other exter-
nalities (O’Donoghue et al., 2019).

2.4. Sustainability outcomes

Sustainability broadly aims at balancing economic growth, environmental integrity and social well-
being as the principle pillars (Keeble, 1988; Mensah, 2019). In the context of pasture-based system,
the sustainability outcomes of production can be grouped into economic, environmental and social
categories. Economic outcomes in our context include farm income, value added to the economy, and
employment to the rural community. While environmental outcomes include greenhouse gas emis-
sions, nutrient balance, water quality, biodiversity, and soil health (Tahat et al., 2020). These outcomes
relate both to welfare objectives and to production externalities with the system. The outcomes also
generate feed back into external drivers and the farm system. Economic outcomes affect invest-
ment, labour allocation, and intergenerational succession. Environmental outcomes may shape policy
responses and consumer demand (Giller et al., 2006; Hayden et al., 2021). For example, poor envi-
ronmental performance may lead to regulatory change, while favourable economic outcomes may
encourage further investment in farms.

This theoretical framework provides a structured pathway for identifying how different modelling
approaches represent variables, simulate responses, and evaluate outcomes. Micro-level approaches,
including farm-level simulation, microsimulation, and agent-based models, operate at unit level and
represent heterogeneity in resources, management, and behavioural responses to policy, market, and
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biophysical drivers. Sectoral and economy-wide approaches, including input-output and computable
general equilibrium models, operate at higher levels of aggregation and model inter-sectoral and
environmental linkages. These approaches differ in scale and system boundary and are treated in this
review as distinct modelling categories applied to pasture-based ruminant systems.

Finally, contextual variables such as time, geography, and population characteristics add complexity
of the system and condition elasticities of response determining whether models operate at the micro
level or macro-level spillovers.

In our study we review, the applications, modelling choices and technical characteristics made in
relation to the variables defined in the theoretical framework.

3. Methodology

The review employs a hybrid scoping systematic approach to review literature of microsimulation
and other modelling approaches for economic and environmental sustainability of pasture-based
systems. Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines
were partially applied as the reference framework for identification, selection, and synthesis of studies
(Liberati et al., 2009; Page et al., 2021). The PRISMA checklist and flow diagram were used to
document the search and screening stages and to ensure replicability of the review. PRISMA is ideally
suited for narrow reviews where the scope is specific, and the literature is relatively limited. However,
in the case of broad heterogenous modelling literature with different goals and different methodolo-
gies, we have had to adapt the framework.

Our hybrid approach falls between the stylised systematic approach of PRISMA, with the more
qualitative approach of literature review or survey article. In our approach, we use the PRISMA struc-
ture as our sampling frame. Search results were supplemented through forward citation tracking of
highly cited papers to identify additional relevant studies. Inclusion criteria are based on relevance
to pasture-based agriculture rather than citation frequency. In addition to keyword-based screening,
parameters not identifiable from titles and abstracts were extracted through structured full-text review.

3.1. Search strategy of literature

In the review, a full search was conducted across three databases, Scopus, Web of Science, and
Google Scholar. Scopus and Web of Science were chosen as an established bibliographic databases
that provide wide coverage of peer-reviewed economic literature (Pranckuté, 2021). Google Scholar
was included to search for studies published in interdisciplinary and applied journals, that may not
appear in Scopus and Web of Science (Haddaway et al., 2015). The search was restricted to peer-
reviewed journal articles published in English between 2000 and 2024. Additionally, a backward and
forth citation snowballing search was performed to identify further relevant studies not captured in
the initial strategy.

All the retrieved studies were exported into a referencing tool Mendeley before screening in Micro-
soft Excel. Duplicates in excel were removed using manual screening. Titles and abstracts were then
screened against eligibility criteria that the authors set. Then full-text reviews were later conducted by
authors for the remaining studies to avoid errors. Table 1 below documents the search strings used
across the three databases.

Table 1. Search strategy of the review showing databases, strings and exclusion criteria.

Database Search Field(s) Search String Filters Applied

("livestock production systems" OR "pasture-

based agriculture" OR "grass-based livestock”

OR "ruminant farming") AND ("model*" OR

"microsimulation” OR "bio-economic model*"

OR "input-output model*" OR "CGE model*" OR

"system dynamics model*" OR "stochastic model*"

OR "simulation") AND ("economic impact*" OR

"profitability” OR "economic sustainability” OR

"farm income") AND ("environmental impact*" OR Exclude: Conference

"GHG emissions" OR "biodiversity" OR "land use papers, Subject areas:
Scopus TITLE-ABS-KEY change") Agri, Econ, Env Sci
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Database Search Field(s) Search String Filters Applied

TS=("livestock production systems" OR "pasture-

based agriculture" OR "grass-based livestock”

OR "ruminant farming") AND TS=("model*" OR

"microsimulation” OR "bio-economic model*"

OR "input-output model*" OR "CGE model*" OR

"system dynamics model*" OR "stochastic model*"

OR "simulation") AND TS=("economic impact*"

OR "profitability" OR "economic sustainability" OR Document types:
"farm income") AND TS=("environmental impact*" Avrticles, Review;

TS (Topic: Title, OR "GHG emissions" OR "biodiversity" OR "land  Subject areas: Agri,
Web of Science Abstract, Keywords) use change") Econ, Env
Google Scholar Full text (title, ("livestock production systems" OR "pasture- Manual screening;
abstract) based agriculture" OR "grass-based livestock” Sort by relevance;
OR "ruminant farming") AND ("model*" OR Year range; Exclude
"microsimulation” OR "bio-economic model*" patents & citations

OR "input-output model*" OR "CGE model*" OR
"system dynamics model*" OR "stochastic model*"
OR "simulation") AND ("economic impact*" OR
"profitability" OR "economic sustainability” OR
“farm income") AND ("environmental impact*" OR
"GHG emissions" OR "biodiversity" OR "land use
change")

3.2. Inclusion and exclusion criteria
The authors established a set of criteria to ensure consistency in the selection process. Studies were
included if they met the following conditions: i) focus on pasture-based agriculture, with beef or other
ruminant production systems as the main subject, ii) Applied clear modelling framework, ii) Report at
least one economic and/or environmental impact.

Reviews, dissertations, theses, conference proceedings, and non-English publications were
excluded. Dissertations and theses were excluded because the review was limited to peer-reviewed
journal articles to ensure comparability in methodological reporting. Studies that lacked sufficient
methodological detail were also omitted. When multiple publications relied on the same model, only
the original methodological contribution was retained unless later studies introduced methodological
extensions.

3.3. Data extraction and coding

After selecting studies for review, a structured coding framework was used to extract key descriptors
which in our case include bibliographic details, Production systems modelled (ranging from conven-
tional, organic, and low input), modelling approach, unit of analysis, sustainability dimension (including
economic, environmental, and social), and policy among others. Note that, when a study applied
multiple approaches, scales, variables or data sources, all were recorded to reflect the diversity of
methodological practice. As a result, some studies appear multiple times across categories; however,
results were normalised by the total number of included studies. Model type was determined through
full-text assessment of each study. Author-reported terminology, such as microsimulation, bioeco-
nomic models, and input-output models, was recorded. Classification relied on the modelling frame-
work described in each study rather than on keywords alone.

3.4. Analytical approach
The review uses descriptive methods to present distribution of studies by modelling approach, appli-
cation domain, external drivers, unit of analysis, sector, production system, data type, and software.
Charts and heatmaps are plotted from the data, with percentages used to show the share within each
modelling approach. This strategy enabled systematic identification of patterns and gaps in the liter-
ature, including the representation of different production systems, livestock sectors, and the balance
between economic and environmental indicators.

Table 2 presents a conceptual typology of modelling approaches to support comparison across
models. For each category, the table summarises applications, strengths, limitations, and represen-
tative studies. Farm-level simulation and microsimulation are presented together in this comparison
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because both operate at unit level and simulate heterogeneous responses under alternative scenarios.
For descriptive reporting however, the two approaches remain distinct in the results presented in
Section 4 of this paper.

A deliberate choice was made to treat farm-level simulation and microsimulation as a unified
category. While these traditions emerged in separate literatures of agri-environmental sciences,
economics, and social policy, respectively they share a common pattern; explicit simulation of unit-
level heterogeneity and the capacity to trace distributional outcomes under policy or environmental
change. Identifying this overlap explains their importance as a benchmark against which other model-
ling traditions can be evaluated.

The classification is structured around five comparative criteria: (i) resolution, which distinguishes
unit-level from aggregate modelling; ii) Treatment of behaviour including optimisation, empirical infer-
ence, or behavioural simulation; i) dynamics for instance temporal and feedback mechanism; iv) System
boundary, defined spatially as farm, sectoral, economy-wide, or coupled economy-environment, and
v) Policy relevance showing the interpretability for ex-ante policy analysis, and distributional analysis.

The framework enables comparison across modelling approaches. Farm-level models and micro-
simulation operate at the level of units and do not have an economy-wide emphasis. Input-output and
computable general equilibrium models ensure macro consistency but abstract from farm-level hetero-
geneity. The framework therefore provides a descriptive basis for mapping modelling approaches and
interpreting the results reported in Section 4.

3.5. Databases and search results

The results of database and search are shown in the following PRISMA (Figure 1). The initial literature
search identified 483 articles across the three databases and any additional snowballing searches from
key references. These were distributed as Google Scholar (n = 168), Scopus (n = 60), Web of Science
(n = 78), and by snowballing, (n=177). The highest share was from Google scholar and snowballing
searches of references and citations. After removal of 71 duplicates, 412 article records remained for
title and abstract screening. Nine non-peer-reviewed items were excluded. These included confer-
ence papers, theses and dissertations, and reports. This resulted in 403 full text articles available for
eligibility assessment. From these an additional 197 articles were excluded, including: conceptual
articles without modelling (n = 29); studies focusing on non-ruminant livestock production systems
(=42); papers outside pasture-based agriculture scope (n = 148), crop only systems without a pasture
component (n= 18); and two residual duplicates. This resulted in a final sample of 173 peer review
studies that met the inclusion criteria which were retained for full text review (Figure 2).

Identification of studies via databases and bibliography search

Records identified from databases :

Sholar, n :_1 68 Excluded before Screening,
Scopus, n= 60, Duplicates, n=71
‘Web of Science, n =78 ,

Snowballing search =177

Records excluded:
Records screened: Based on document type
(n=412) (n=9)

Reports sought for retrieval:

(n=1403)
> Excluded:
= Conceptual only, (n = 29)
fn Livestock other than ruminants, (n = 42)
=) Reports assessed for eligibility: Studies in unrelated scope, (n = 148)
(n=403) Crop only not pasture-based (n = 18)
Duplicates n =2
3 Studies included in review:
=
E (m=173)

Figure 2 PRISMA Flow Diagram.
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4. Results

4.1. Trends and geographical distribution of modelling studies

The first objective was to map the temporal and geographical evolution of economic and environ-
mental modelling microsimulation studies in pasture-based agriculture between 2000 and 2024.
Results are organised around three themes; temporal trends, geographical distribution and sectoral
coverage, and production systems modelled.

4.1.1. Temporal distribution of studies

The temporal distribution of studies provide insight into how the field has evolved. Over the past
two decades, modelling priorities have shifted from a narrow productivism focus towards addresses
global sustainability challenges in ruminant systems. Figure 3 presents the temporal distribution of
studies over the review period. There is a clear publication trend showing expansion of the modelling
literature since 2000. In the early 2000s, the field was small, with only three studies recorded between
2000-2004 and 10 studies in 2005-2009. A turning point emerged in 2010-2014, when the trend of
publications rose sharply to 42 studies. This was followed by further increases in the period 2015-2019
(n =52) and in 2020-2024 (n = 66 studies). More than two-thirds of studies were published after 2010,
coinciding with major global policy shifts on sustainability, including the Kyoto Protocol (UNFCCC,
1997), the adoption of the Paris Agreement (UNFCCC, 2015b), and later the European Green Deal
(European Commission, 2019).

70 - 66
60 A
50 -
42
40 A
30

20 A

Number of Studies

10

2000-2004 2005-2009 2010-2014 2015-2019 2020-2024
Year

Figure 3 Temporal distribution of modelling studies published Annually between 2000 - 2024.

4.1.2. Geographical distribution and sectoral coverage
The geographical distribution of studies provide insight into where modelling capacity has been
focused. Figure 4, Panel A, presents the geographical distribution of studies revealing strong regional
disparities. Europe accounted for half the total of all models (n = 86; 50%), followed by Oceania (n =
26; 15%), North America (n = 17; 10%), Asia (n =15), Africa (n = 10), and South America (n =10). An
additional nine studies adopted a global scope. Within Europe, Ireland, the United Kingdom, France,
and the Netherlands were the most frequent in the published models of pasture-based systems.
Sectoral coverage in the review also varied by region (Figure 4, Panel B). Pasture systems were the
most frequently modelled sector in Oceania and South America each accounting for 35% share. These
were followed by North America (32%) and Europe (31%). Within the ruminants, beef sector model-
ling was most frequently represented in South America (35%) and North America (32%) suggesting
the economic weight of the sector in these regions. Dairy production received greater representation
in Oceania (26%) and Europe (21%), with 19% of African studies addressing dairy systems. Crop-
livestock integration was most visible in Asia (23%) and Africa (17%). Studies that focus on sheep were
frequent in Oceania (13%). The geographical and sectoral distribution of studies varied across region
in the world, with beef sectors and pasture systems accounting for the largest shares of modelling
applications during the review period.
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Figure 4 Geographical distribution of modelling studies (Panel A) and production system coverage by region
(Panel B).

4.1.3. Geographical distribution of production systems

There are different approaches to agricultural production, often with varying production and environ-
mental trade-offs. As shown in Figure 5, over the last two decades modelling efforts in pasture-based
agriculture has most frequently addressed conventional production systems (61%), followed by low-
input systems (25%). Organic production systems (6%) and other production systems (8%) account for
smaller shares in modelling studies of pasture-based agriculture.

Disaggregated by region, Conventional systems were most frequently observed in North America
(71%) and Oceania (70%), followed by Europe (61%) and Africa (25%) pointing to more intensive
production systems in advanced economies. In contrast, low-input production systems were frequently
modelled in Africa (58%) and South America (17%). Organic systems accounted for less than 9% of
studies in all regions, with Europe showing the highest share. These results explain the global depen-
dence on conventional systems for production the minor focus on low input an alternative production
approaches across all regions.
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Figure 5 Distribution of production system by geographical region.

4.1.4. Drivers of the study

Figure 6 presents the distribution of reported drivers across the reviewed studies. Multiple drivers
were coded for some studies with shares reported relative to the total number of included studies.
Environmental factors were the most frequently cited in this period (95%), followed by bio-physical
conditions (87%) and livestock (84%). Farm management (75%) and spatial drivers (71%) were also
frequently reported, indicating the role of production practices and landscape context in farm system
modelling. There are increased interests in technology (64%), policy and regulations (62%), and
economic and market factors (57%). This indicates increasing attention to institutional and economic
contexts in model design. Climate change (53%) and ecosystem services (46%) are less common
drivers, despite their growing weight in sustainability debates. Water management (40%), institutional
and social drivers (37%), and genetics and breeding (23%) were reported in a smaller share of studies.
The result highlight how modelling and simulation literature in the last two decades has focussed
on environmental, production, and management factors, with comparatively less attention drawn to
institutional, social, or genetic dimensions in pasture-based agriculture.
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Figure 6 The drivers in modelling literature for economic and environmental impact analysis of pasture-based
agriculture.
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4.1.5. Drivers of modelling studies by method of analysis
This section presents the factors in the literature that motivated modelling choices. Figure 7

summarises the distribution of drivers reported across modelling approaches.

Environmental, biophysical, livestock, and farm-management factors were among the most

frequently cited drivers in the reviewed studies. In simulation models, the leading drivers were envi-
ronment (12%), biophysical and livestock (11% each), and farm management (10%). Hybrid and inte-
grated models showed a similar distribution with environment and biophysical drivers (11% each),
livestock (10%), and farm management (10%).

Optimisation studies report environmental and biophysical factors with similar shares (11% each),
followed by policy, economic, livestock, and farm management drivers (10% each). Econometric
and statistical models were driven by livestock, biophysical drivers, alongside environmental factors
(12% each). Policy, economic and farm management factors were among major factors (8% each).
Earth system and GIS models were driven by environmental factors (13%) and livestock (12%). While
System dynamics studies reported environment, biophysical, livestock, water management, and farm
management (11% each) as central drivers.

Microsimulation studies reported policy and livestock drivers (14% each). Agent-based models
showed a balance across policy, socio-economic, and livestock drivers (11% each). Among macro-
scale approaches, input-output models reported economic, policy, socioeconomic drivers, while CGE
models were driven by policy, socioeconomic biophysical, and livestock (14%). Integrated assessment
models reported drivers distributed at 8% each. Machine learning studies reported environmental and

spatial factors (18%).
The next section examines how these approaches were operationalised including scale of analysis,

data sources, and validation strategies.
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Figure 7 Drivers that motivated modelling choice.

4.2. Methodological choices
4.2.1. Modelling approaches

Methodological choices in economic and environmental impact analysis determine both the scope of
applications and the nature of inferences drawn from the studies. Different approaches are employed
depending on the objectives and analytical scope of the study. Figure 8 reports the distribution
of modelling approaches in the reviewed studies. Farm-level simulation models accounted for 70%
of applications, followed by hybrid or integrated approaches (49%). This reflects the complexity of
pasture-based systems, where models often adopt integrated frameworks rather than relying on
a single method. Econometric or statistical methods accounted for 18% of studies and optimisa-
tion models 16%. Other approaches were infrequently applied (each < 3%). This shows reliance on
simulation-based frameworks within the literature, with relatively limited use of approaches that

capture heterogeneity or distributional effects, such as microsimulation.
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Figure 8 The frequency of modelling approaches used in economic and environmental impact analysis of pasture-
based agriculture.

4.2.2. Modelling approaches and geographical distribution

Geographical differences in the distribution of modelling studies are evident (Figure 4). In Figure 9,
European studies account for 57 simulation models (52% of global applications), 41 hybrid or inte-
grated frameworks (40%), and 16 optimisation studies (41%). Econometric and statistical models also
originate largely from Europe, with 18 studies (39%). North America contributed nine simulation and
nine hybrid applications (each 8%), while Oceania contributed 20 simulation studies (18%) but had
fewer contributions in other categories. Africa, Asia, and South America contributed three or four
studies per approach.

Five studies (3%) in the sample described their approach as microsimulation. Three were conducted
at farm level and two at regional scale. Half of the microsimulation studies were in Europe, while the
remainder were distributed across Asia, Africa, and global-scale analyses. Microsimulation is data
intensive, its concentration in Europe points to the availability of disaggregated farm and household
datasets, which limits external validity in regions lacking comparable data.

Similar patterns were observed in other approaches. Earth system modelling was mainly conducted
in Europe (16 of 25 studies), as were agent- based models (n = 7). Macro focused models such as
input-output and system dynamics models were applied less frequently outside Europe. Overall,
approximately two-thirds of the reviewed studies originated in Europe, revealing regional priority for
methodological development.

60 1
50 = Simulation
Hybrid/Integrated Models
40 = Econometric/Statistical
Models |
_$ = Optimization
T 30 A . . .
=2 Microsimulation
»n
uABM
20 A
m System Dynamics
10 4 = |nput-Output Models
mCGE
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Europe Oceania North Asia Global South Africa =Machine Learning
America America = MCDA
Geographical Region
Figure 9 Shows the distribution of modelling approaches across geographical regions.
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4.2.3. Applications across sustainability domains

Figure 10 presents the distribution of thematic domains across modelling approaches in pasture-
based systems over the past two decades. Simulation models were applied across environmental
(15%), farm management (15%), resource use (14%), and pasture-related (12%) domains, with smaller
shares in climate change (10%), risk and uncertainty (10%), economic outcomes (9%), and policy (8%).
Hybrid and integrated models showed a similar pattern, with 14% of applications in environmental,
farm management, and resource use domains, 13% to pasture, while economic outcomes (10%) and
policy and climate change (11% each) themes were fewer.

Econometric and statistical models allocated 16% of applications to environmental themes and
15% to resource use, with economic and pasture domains each accounting for 12%, and policy and
farm management for 8% each. Optimisation models exhibited a similar distribution with environ-
mental and farm management domains (13% each), resource use and pasture (12% each), and smaller
shares in climate change (9%) and policy (11%).

Microsimulation models, though few in number, were applied to economic, policy, farmer
behaviour domains (each 17%), as well as environment and farm management themes (each 13%).
Agent-based models were distributed across farm management, resource use, pasture, policy, and
economic outcomes (13% each). Among macro-level methods, CGE models allocated 17% each to
economic, policy, and farmer behaviour modelling, with smaller shares in environmental and farm
management domains (8% each). Input-output models were applied to environmental, resource use,
and policy domains (16% each). System dynamic models were distributed across environmental, farm
management, resource use, and pasture themes (13% each). Earth system models were directed
mainly towards environment (17%), farm management (15%), and pasture (15%). Integrated assess-
ment models showed a balanced distribution across environment, resource use, pasture, and policy
domains (13% each). Machine learning studies a new approach were frequent on environmental, farm
management, resource use, and pasture domains (18% each).

Across approaches, environmental, farm management, resource use, economic domains accounted
for the largest shares of applications. Policy, and farmer behaviour were less modelled, while animal
health and welfare was rarely considered.
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Figure 10 Applications of modelling approaches across sustainability domains.

4.2.4. Unit of analysis in modelling studies
Across modelling approaches in the literature of pasture-based agriculture, the farm level (n = 64
model studies) was the most frequently reported unit of analysis. Simulation models (39%) and
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optimisation models (8%) were applied at farm scale. Simulations studies also extend to field (55%)
and animal/group levels (46%). Econometric and statistical models were distributed across farm (12%),
field/plot (10%), and regional (11%) scales. Hybrid and integrated models were likewise applied at

farm-level (30%), with smaller shares at national (21%) and regional (20%) scales.
Macro-scale models were applied at higher levels of aggregation. Input-output models were
applied at national level (4%) with limited application at farm levels. A similar pattern was observed

for CGE and IAMs in pasture-based systems.
Five studies described their approach as microsimulation. Three were conducted at farm level and

two at regional scale. Agent-based models were mainly applied at regional and animal/group scales,

while earth system models were implemented at field and regional levels.
The review showed that applications were most frequently conducted at farm and animal/group

units of analysis. Regional and national analyses were less frequent and were largely associated with

macro-economic or environmental modelling frameworks (Figure 11).
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Figure 11 Show the distribution of modelling approaches by unit of analysis.

4.2.5. Data sources across approaches and production systems

Figure 12 reports data sources across modelling approaches. Microsimulation models relied on farm
survey data (63%), supplemented by published studies (13%) and national statistics (13%). ABM which
also operate at the micro level showed a similar distribution, with 60% using survey data and 20%
drawing on published sources. Econometric, statistical, and optimisation models used a broader mix
of data sources, including surveys (33%), published studies (24-28%), and market data (9 -13%). Input-
Output and Computable General Equilibrium studies relied on secondary data sources, including

national statistics and market data.
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Figure 12 Data sources by modelling approach in sustainability assessments of pasture-based agriculture.

4.2.6. Software across modelling approaches

Figure 13 reports the software platforms used across modelling approaches. Simulation studies most
frequently used Microsoft Excel (33%), R (24%), and SAS (14%), with smaller shares using Stata (6%)
for modelling. Hybrid and integrated models followed a similar pattern, with Microsoft Excel (40%)
and R (25%) most commonly reported. Econometric and statistical models most frequently used R
(35%), GAMS (15%), and Stata (15%). Optimisation studies reported Microsoft Excel (36%), R (27%),
and GAMS (27%).

Microsimulation studies used Stata (40%), R (20%), ArcGIS (20%), and Java (20%) for analysis. Some
of the approaches show distinctive software traditions. System dynamics models were implemented
in Vensim (40%) and STELLA (40%), while earth system models used R (33%) and GAMS (33%). CGE
studies were frequently implemented in GAMS (67%). ABMs were split between MATLAB (50%) and
Stata (50%). For MCDA, input-output, and machine-learning studies, software was not generally
reported. Spreadsheet tools (Excel) and statistical packages (R and Stata) were frequently reported in
farm-level and econometric studies, whereas specialised platforms (GAMS, Vensim, and STELLA) were
more common in optimisation and systems-based approaches.
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Figure 13 Software by modelling approach.
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4.2.7. Model behaviour and validation

Model behaviour refers to the structural specification of models in terms of dynamics and the treat-
ment of uncertainty. Deterministic models accounted for 40% of the sample, followed by dynamic
(24%), static (20%), and stochastic (16%) designs (Figure 14A). Deterministic approaches were most
frequent at the farm and global scales, while stochastic methods, relevant for representing risk and
uncertainty, were comparatively rare. Dynamic models were frequently applied at national and regional
levels, while static designs showed equal distribution across all scales.

Figure 15 presents the validation strategies reported in the reviewed studies. Sensitivity anal-
ysis (47%) and calibration against farm level data (39%) were the most frequent approaches. Bench-
marking against other models (22%) and expert judgment (18%) were less frequent. Few studies
combined multiple validation strategies. The reliance on internal rather than external validation indi-
cates concern over external generalisability, where studies inform policy debates.
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Figure 14 Modelling behaviour by scale of application: Panel A reports share of behaviour types across all studies;
Panel B shows their distribution across spatial scales applied.
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Figure 15 Validation strategies adopted in the reviewed studies (share of studies, %).

4.3. Sustainability modelling
4.3.1. Impacts addressed by modelling approaches

Figure 16 presents the distribution of sustainability impacts examined across modelling
approaches. Economic and environmental impacts accounted for the largest shares across model
types. Simulation and hybrid models allocated one quarter of applications to economic impacts
(25% and 24% respectively) and 17% each to environmental impacts. Econometric (19%), optimis-
ation (19%), and input- output (20%) models were more frequently applied to economic and policy
outcomes. CGE models show a more balanced distribution allocating similar shares to economic,
environmental, policy and social impacts (15% each). In contrast, system-based approaches
exhibit greater thematic diversity. Earth system models focus primarily on biodiversity (17%) and
ecosystem services (15%), while microsimulation allocates equal shares to economic and environ-
mental impacts (21% each). Of the two machine-learning studies identified (n=2), one examined
environmental outcomes (50%). Across literature, social outcomes and ecological dimensions such
as biodiversity and ecosystem services were less frequently represented compared to economic
and environmental outcomes.
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Optimization (n = 125)

Econometric/Statistical (n = 118)

Earth System (n =39)

Microsimulation (n = 24)

ABM (n = 19)

System Dynamics (n = 16)

CGE (n=13)

1AMs (n =12)

Input-Output Modeling (n = 10)

MCDA(n =7)

Machine Learning (n = 4)

Model Type
Row share %

Impact Analysis

Figure 16 Distribution of impact domains across modelling approaches (row-normalised shares).
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4.3.2. Economic and environmental indicators modelled
Figure 17 presents the distribution of sustainability themes in the reviewed modelling studies. Envi-
ronmental indicators were classified as resource-use and impact measures and constituted the most
frequently reported outcome category over the review period 2000-2024. Among resource use indi-
cators, land use (76.9%) was the most frequent modelled indicator, followed by agrochemical use
(57.8%) and nitrogen input (56.6%). Among impact parameters, greenhouse gas emissions were more
frequently reported, including methane (51.4%), CO: (50.3%), and N:O (49.1%). Soil quality (38.2%),
water (23.1%), carbon sequestration (20.2%), and biodiversity (19.7%) were less frequently reported.
The most frequently modelled economic indicators were productivity (69.4%), farm cost (48.6%),
and profitability (45.1%). Trade (10.4%), GDP contribution (4.6%), and fiscal impacts (4.0%) were
considered far less frequently over the last two decades. Social dimensions of pasture-based system
were least frequently covered. Limited attention was given to indicators such as labour (35.3%), liveli-
hoods (18.5%), equity (15.0%), food security (13.9%), employment (12.1%), and animal health (11.6%).
Overall, the literature emphasises environmental and farm-level economic outcomes, with only partial
integration of macroeconomic and social dimensions. This affirms the need for modelling approaches
that capture broader sustainability objectives and distributional consequences.
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Figure 17 The distribution of sustainability impacts assessed across reviewed studies.

4.3.3. Policy instrument drivers by production system

Figure 18 presents the distribution of policy instruments modelled across production systems. The
results show a clear focus of policy drivers in conventional agriculture systems. Regulations account
for 61% of application in conventional systems, followed by subsidies (57%) and other policy instru-
ments (56%). Taxes and levies demonstrated an even strong focus with 71% of applications directed
at conventional systems.

Organic systems had a more balanced representation across policy in the last two decades. The
most frequently modelled policy instruments modelled were subsidies (24%) and other instruments
(23%), followed by regulations (22%), while taxes were only examined in 12% of applications. Low-
input systems were rarely examined in policy orientated modelling. The share of studies ranged from
9% for regulations to 15% for other instruments.

Policy simulation focuses more on conventional production. Historically, regulations and fiscal
instruments have been designed to target input intensive systems. In contrast, organic agriculture
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is more commonly linked to incentive-based schemes aimed at encouraging transition. Low input
systems remain absent from policy orientated modelling.
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Figure 18 Shows the distribution of policy instruments modelled across production.

5. Discussion
5.1. Temporal and geographic distribution

The review of 173 studies shows a growing trend in the modelling literature for pasture-based agri-
culture in the last two decades, with the number of publications increasing markedly after 2010.
This trend coincides with major international sustainability agreements, including the UN Sustain-
able Development Goals (Jones et al., 2017), the Paris agreement, and subsequent European policy
initiative such as the EU Green Deal (European Commission, 2019, UNFCCC, 2015a). The growth in
modelling studies therefore appears to reflect increasing policy and societal demands for sustainable
food production.

The geographical distribution in the literature however was heterogeneous. More than half of the
reviewed studies originate from Europe, followed by Oceania. Latin America, Africa, and Asia are
less represented, despite the relative economic importance of pasture-based systems particularly in
Latin American where countries such as Brazil and Argentina have large ruminant based sectors that
contribute substantially to national exports and land-use change (Fleck, 2024). This pattern supports
the findings of previous regional reviews that reported modelling research is focused in regions with
better institutional capacity and data infrastructures (Reidsma et al., 2018; van der Linden et al.,
2020). These differences in regional coverage may affect the transferability of model results across
production systems and institutional environments. For example, model outputs from European agri-
cultural production systems may not be generalised to emerging economies where production struc-
tures, data environments, and institutional contexts differ.

Sectoral coverage follows a similar pattern. Conventional pasture, dairy, and beef systems account
for the majority of studies, while mixed crop-livestock and sheep systems are less frequently examined.

5.2. Methodological Choices
5.2.1. Application Across Modelling Approaches

Modelling approaches reviewed in pasture-based agriculture show a clear methodological hierarchy.
Simulation and hybrid bioeconomic models show the largest share and are more frequently applied at
the farm level. These models integrate biological processes and management decisions under envi-
ronmental constraints (Taylor et al., 2020; Vogeler et al., 2017).

In Table 2, farm-level simulation and microsimulation are grouped together conceptually based
on their unit-level modelling characteristics. These models both operate at the farm or household
level, integrate heterogeneity, and also evaluate counterfactual scenarios. In the descriptive statistics
(Figure 8), however, they are reported separately to reflect how the two distinct streams of literature
typically classify them. Although they originate in different research traditions, they share several
structural features. Agricultural simulation has traditionally emphasised production and biophysical
processes (Jones et al., 2017), whereas microsimulation has focused on distributional and policy
outcomes (Mertens et al., 2022). Recognising their shared foundations allows for a more integrated
perspective, where advances in one tradition such as behavioural specification and validation methods
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in microsimulation can inform the other, and vice versa. This framing is important for broadening the
scope of microsimulation applications in agriculture and situates farm-level models more firmly within
the microsimulation research community.

Optimisation models focus on resource allocation and profitability analysis, and framed sustain-
ability as an efficiency problem under dynamic conditions (Addis et al., 2021; Moraes et al., 2012).
In comparison, approaches designed to capture distributional effects and economy-wide outcomes,
such as microsimulation, CGE, and input-output models, appear less frequent. This limits the capacity
of existing modelling frameworks to assess policy trade-offs and sector-wide or economy-wide effects
within the same framework, a gap repeatedly identified in literature (Jin, 2023; O’Donoghue, 2017).

Another limitation concerns behavioural assumptions embedded in several modelling approaches.
Optimisation models often assume fully rational decision-making and perfect foresight, assump-
tion that may not reflect the bounded rationality and risk aversion observed in farm-level behaviour
(Hayden et al., 2021). Input-output models, rely on linear production relationships that fail to capture
substitution or technological change over time (Breure et al., 2024). Deterministic models also tend
to neglect uncertainty and stochastic variation, limiting their ability to represent risk and resilience,
inherent features of pasture-based systems (Bewley et al., 2010). While these assumptions simplify
modelling structure, they may abstract from behavioural diversity and technological change over time.
Incorporating behavioural heterogeneity, non-linearity therefore represents an important area for
future modelling development, where microsimulation and hybrid approaches may offer significant
advances.

Across approaches reviewed, environmental outcomes received greater attention than economic
indicators. Simulation and hybrid studies allocate a larger share of applications to environmental
impacts than to economic indicators. This imbalance reflects increasing policy pressures to reduce
ruminant agriculture’s environmental footprint (Halpern et al., 2022). It also reveals a methodological
bias toward environmental assessment, at the expense of integrated economic-environmental trade-
offs (Breure et al., 2024). For a sector increasingly concerned with supporting sustainability transitions,
this imbalance constrains policy relevance, especially where micro-level behavioural heterogeneity
and macroeconomic spillovers are important determinants of farmer behaviour and policy outcomes.

5.2.1 Drivers of modelling

The drivers of model development differ across approaches. Simulation and hybrid models are shaped
by environmental, economic, and biophysical concerns (Bolte et al., 2007, Lieffering et al., 2016).
Optimisation studies are motivated by profitability and resource allocation, while econometric and
statistical models respond to data availability and market-oriented research questions (de Oliveira
Silva et al., 2017; Hanrahan et al., 2018).

Microsimulation and agent-based models are applied more frequently to policy and behavioural
questions at unit level, enabling analysis of heterogeneous farm responses to incentives or policy
(O’'Donoghue, 2017; Ryan et al., 2018). Input-output and CGE are shaped by economic, environ-
ment, and markets considerations at aggregate scale. These patterns across approaches suggests
that environmental and economic drivers dominate modelling applications, while social and genetic
drivers are less frequently represented in the studies.

5.2.3. Data and Scale of Analysis

Data accessibility conditions methodological choice for evaluation of sustainability in pasture-based
agriculture. The reviewed publications show a clear asymmetry across production systems, and
approaches. Farm survey and field experiment data are the most frequently reported sources, indi-
cating the empirical origins of many models. Most simulation and hybrid models rely on farm surveys
and field experiments, whereas econometric and macro approaches draw from national statistics and
published datasets.

Microsimulation and ABM studies use disaggregated farm or household survey data but remain
constrained by data availability outside Europe (Li and O’Donoghue, 2012). Market and national
statistics are underutilised, thus impeding the integration of models with sectoral and macroeco-
nomic contexts. Scale of analysis was concentrated at the farm and regional levels, with partial
integration of household, sectoral, or multi-scalar approaches. This gap impedes the ability to link
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micro-level behaviour to macro-level sustainability outcomes which is a core strength of microsimula-
tion approaches.

5.2.3. Software and programming

Software choices were skewed to traditional tools and programming languages. This also show meth-
odological demands for advanced software across published articles. Simulation models and hybrid
models used Microsoft Excel and R (The R Foundation, 2018) due to accessibility and flexibility.
The optimisation models and CGE methods used GAMS in the review, while econometric studies
commonly used R, Stata, and SAS to support data-intensive estimations (Maseko et al., 2024). On the
other hand, system dynamics models employed Vensim and STELLA in their analyses. Microsimulation
studies combined the use of Stata, Java, and GIS, reflecting their micro data and spatial focus. These
patterns suggest that methodological traditions drive software choice. This comes with implications
for reproducibility and integration across modelling domains.

5.2.4. Model behaviour and validation strategy

Deterministic designs account for the largest share of studies, followed by dynamic, static, and
stochastic model structure (Figure 14). This distribution reflects the suitability of these approaches for
representing biological processes and long-term system trajectories (Stiirck et al., 2018). Stochastic
approaches are less common despite the relevance of uncertainty in agricultural production (Bewley
et al., 2010; Kakeu, 2023). The relative low use of stochastic methods suggests that variability and
uncertainty remain insufficiently incorporated in pasture-based sustainability assessments.

Validation strategies show a parallel pattern of emphasis. Scenario or face validation (82%) and
comparison with observed data (81%) were the most common approaches. Sensitivity analysis (67%)
ranked third, indicating increasing attention on parameter uncertainty, a core principle of robust model
design (looss and Saltelli, 2017). Stochastic approaches, including Monte Carlo analysis, were used
more selectively, as illustrated in studies such as Finneran et al. (2012) and Zehetmeier et al. (2014).
In contrast, benchmarking with other models (45%) and expert validation (1%) were rarely employed,
despite evidence of their potential to strengthen robustness and credibility (Awasthi et al., 2024).
This difference shows methodological tendency toward internal and empirical checks.

5.3. Sustainability, production systems, and policy instruments

5.3.1. Impact assessment

The review shows that environmental and economic impacts have been the analytical focus of model
development in the past two decades, while the other sustainability dimensions remain comparatively
underexplored. Simulation and hybrid models had a broad coverage but prioritise environmental and
economic effects. Partial treatment of social and welfare-related outcomes was observed in the review.
Optimization and econometric approaches similarly emphasised environmental, economic, and policy
impacts reflecting their area of focus on resource allocation and decision-making. The biophysical
models focused on environmental and policy impacts of the system. Microsimulation and ABM models
were evenly applied to simulate social and policy dimensions in the ruminant systems reflecting their
focus on micro-level household and behavioural dynamics. On the other hand, macro approaches
displayed distinctive patterns, with input-output models modelling environment, economy and policy.
Emerging modelling techniques such as machine learning in the review, remained focused on environ-
mental and technological dimensions. Although environmental and economic impacts are the focus of
pasture-based models, some dimensions such as biodiversity, ecosystem services, and animal welfare
remain rarely investigated. This shows a gap between the breadth of sustainability goals in agri-
environmental policy and the domains currently prioritised in modelling studies.

5.3.2. Economic and environmental indicators

The disaggregated sustainability indicators broken down in Figure 17, highlights the environmental
focus of modelling studies over the last two decade. This emphasis is reflected in the strong attention
given to land and nutrient use, agrochemical use, and nitrogen inputs. Soil and water quality are more
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prominent in the literature than biodiversity or carbon sequestration, suggesting that local biophysical
processes are prioritised over broader ecosystem services.

The review also show that modelling of economic themes was skewed towards productivity, costs,
and profitability. This shows a farm-level efficiency outlook within the literature, with limited studies of
macroeconomic levels such as trade or GDP contribution and fiscal effects. This shows that the liter-
ature remains focused at farm-scale assessments of technical efficiency and environmental pressure.
Aside this, sectoral spillovers, biodiversity outcomes, and sustainability trade-offs received less atten-
tion in literature. The finding is in line with previous reviews which stated that agricultural modelling is
typically focused on measurable biophysical and economic outputs and less on social and ecosystem
dimensions (Reidsma et al., 2018; van der Linden et al., 2020).

Organic, and other alternative low-input systems were rarely studied. By contrast conventional
dairy and beef systems were most commonly modelled reflecting both data availability and their
economic importance. The limited coverage of agroecological approaches, in particular organic
production systems is problematic in light of European policy commitments to organic transitions and
agroecological farming, The EU Farm to Fork Strategy and the Biodiversity Strategy has set an EU
target of 25% of agricultural land under organic farming by 2030 and Member States, have committed
to expanding organic and agroecological farming under their CAP Strategic Plans. However, without
comparative analysis across systems, it becomes difficult to assess the efficiency, trade-offs, and
viability of transition pathways. This divergence suggests that modelling coverage does not fully align
with current policy priorities. These shortcomings in system coverage are closely connected to how
policy and regulations are incorporated in modelling studies.

5.3.3. Policy and Regulations
Policy instruments assessed in this review were more focused on regulations and subsidies. Taxes,
levies, and other instruments were less common, despite their role in economic theory. This differ-
ence restricts exploration of alternative instruments that may deliver environmental objectives more
efficiently. The findings of the results also shows that policy simulation in pasture-based systems were
frequent in conventional systems, similarly environmental regulation. In organic systems the frequency
was only 7% of the studies. However, subsidies, taxes/or levies, and other policy instruments were
similarly rarely studied. This shows structural realities, where conventional systems dominate agri-
cultural output, provide more robust data for modelling, and remain the main target of policy inter-
ventions (Azarbad, 2022). On the contrary, organic and low-input systems are smaller in scale, more
heterogeneous, and are often constrained by limited data availability. This makes them less frequent
in quantitative modelling (Rigby and Caceres, 2001). Institutional priorities, historically are centred
on productivity and market stability, reinforcing the focus on mainstream production.

The limited representation of organic and low-input systems in policy-oriented modelling creates
a gap. Extending coverage beyond conventional systems is important for evaluating how subsi-
dies, regulations, and taxes affect adoption and environmental performance of alternative systems.
Addressing this gap would align economic modelling with the current European sustainability commit-
ments, which prioritise organic and agroecological transitions in ruminant production.

6. Conclusion and Future Research
The study reviewed 173 farm level microsimulation and other modelling studies that examine the
economic and environmental outcomes of pasture-based agriculture. The review covered a range
of approaches, regions, and production systems in the past two decades. The findings of this review
show an increasing trend in publication of models since 2010, pointing to increasing global demand
for policy and sustainability data. The published model studies show geographical heterogeneity,
with Europe dominating research. Latin America, Africa, and Asia are less represented in the reviewed
literature. Conventional dairy and beef systems account for the majority of applications, while organic
and low-input systems appear less frequently. Such regional disparity constrains the generalisability of
modelling results and reduces policy relevance in emerging economies where pasture-based systems
are most extensive.

Farm-level simulation and hybrid bioeconomic models account for the largest share of applications
and are primarily implemented at the production-unit scale. Optimisation and econometric approaches
are applied to resource allocation and profitability analysis, while microsimulation, input-output, and

Afeku et al. International Journal of Microsimulation 2026; 19(1); 113-142 DOI: https://doi.org/10.34196/ 136
ijm.00338


https://microsimulation.pub/subjects/environment
https://doi.org/10.34196/ijm.00338
https://doi.org/10.34196/ijm.00338

International Research
Microsimulation

Association Environment

computable general equilibrium models are comparatively limited. Most studies operate at a single
scale of analysis.

Farm-level simulation and hybrid bioeconomic models account for the largest share of applica-
tions mostly at the farm level. Optimisation and econometric models extend to resource allocation
and profitability analysis but rarely integrate biophysical processes. Whereas microsimulation models,
agent-based models, input-output and CGE remained scarce despite their ability to simulate micro-
macro linkages. Most studies operate at a micro scale of analysis. In general, the current literature
is focused on environmental performance, with little focus on economic trade-offs or complex inter-
sectoral linkages.

The distribution of sustainability indicators varies across domains. Environmental indicators, partic-
ularly land use, nutrient use, and greenhouse gas emissions account for the largest shares of reported
environmental indicators. Biodiversity, ecosystem services, and animal welfare remain peripheral in
literature in the last two decades. Whereas economic indicators focus largely on productivity and
farm profitability, with fewer studies addressing trade, income distribution, or macroeconomic contri-
butions. Policy modelling is centred on regulations and subsidies, with limited coverage of market-
based instruments such as taxes, and levies. Policy evaluations were more frequently conducted within
conventional systems than organic and low-input systems despite their policy relevance in the ongoing
agri-environmental transitions.

Farm surveys and field trials are most common data sources. Integration of national statistics,
market data, and remote sensing is less frequent. Most published model studies operate at farm or
regional scale, with little effort to connect micro-level decisions to macro-level outcomes. Validation
strategies in the literature rely mostly on scenario testing and comparison with observed data, while
expert validation strategy and cross-model benchmarking appear less often. These patterns reflect a
focus on internal consistency and empirical grounding are prioritised in literature, broader method-
ological robustness is less developed which is a gap.

Microsimulation in our review extends its scope into pasture-based agriculture, showing that many
existing farm-level simulation models share features with microsimulation. Recognising this overlap
clarifies the analytical relationship between these modelling traditions and also provides a basis for
examining micro-macro linkages in sustainability assessment. This reconceptualization is important for
advancing sustainability analysis in ruminant agriculture.

The review indicates limited integration between farm level and sectoral modelling frameworks in
assessments of economic and environmental sustainability. Most studies remain confined to micro-
scale analysis. Closer links between micro level simulation and aggregate modelling approaches
would enable farm heterogeneity to be examined alongside sectoral and economy-wide effects.
Comparative analysis across production systems is also required since organic and low-input systems
remain less modelled despite their policy importance. Additionally, sustainability assessment of
pasture-based systems would benefit from more systematic incorporation of biodiversity, ecosystem
services, and animal welfare within modelling frameworks. The integration of these dimensions along-
side economic outcomes remains methodologically challenging and relatively underdeveloped in the
literature. Finally, modelling of policy instruments should be diversified, with greater focus on taxes,
levies, and incentive-based instruments that are fundamental in economic theory but mostly absent in
the reviewed literature. Addressing these caveats would improve the relevance of models for sustain-
ability transitions in ruminant production systems.

Building upon these gaps in the literature, this review proposes the need for future research to
develop frameworks that link farm-level microsimulation models to macroeconomic structures. In
particular, constructing a disaggregated input-output or sectoral detailed framework that explic-
itly represent pasture-based farm sectors would allow micro-level decision-making to be directly
connected to wider supply chain, and environmental spillovers. This in our view enable a more
complete accounting of both farm-level heterogeneity and economy-wide consequences.

In parallel to that, future research should prioritise the systematic inclusion of organic and low-input
systems. While we identified these as underrepresented in literature of models, we emphasise that
their current policy relevance in the EU with explicit targets for organic expansion and agroecological
transition, makes their omission problematic. Incorporating these systems into both farm-level and
integrated economy-wide models is needed if modelling is to inform sustainability transitions and
current policy in practice.
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The extensions improve the path for advancing microsimulation and related farm level model-
ling approaches, from reinforcing methodological integration across scales, to ensuring that models
adequately reflect the diversity of production systems that are central to contemporary agri-
environmental policy.
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