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Abstract

We review and analyze the farming (upstream agribusiness supply chain) research literature since 1965 to
identify farming research opportunities for operations management (OM) researchers. A majority of reviewed
papers in our corpus, until the turn of the 21st century, primarily focus on improving operational efficiency and
effectiveness of farming using optimization techniques. However, during the last two decades, farmers’ welfare
and the interests of other stakeholders have drawn OM researchers’ attention. This expanded focus on farming
research has become possible due to the proliferation of mobile communication devices and the Internet, as well
as advancements in information technology platforms and social media. Our review also shows that there is a
paucity of OM literature that leverages increased data availability from the emergence of precision agriculture
and blockchain to address major challenges for the farming sector emanating from climate change, natural
disasters, food security, and sustainable and equitable agriculture, among others. Big data, in conjunction with
opportunities for field-based experimentation, artificial intelligence and machine learning, and integration of
predictive and prescriptive analytics, can be leveraged by OM scholars engaged in farming research. We zero in

on specific questions, issues, and opportunities for research in farming.
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1. Introduction

The motivation for this paper is grounded in the importance of farming as an important sector of the
economy in all countries. The United Nations has articulated Sustainable Development Goal 2 as “End hunger,
achieve food security and improved nutrition and promote sustainable agriculture [...] These worrying trends
coincide with the diminishing availability of land; increasing soil and biodiversity degradation; and more
frequent and severe weather events. The impact of climate change on agriculture compounds the situation.”
Thus, the agribusiness sector is expected to face daunting challenges in the upcoming decades that include but
are not limited to climate change, food security, disruptions from sustained or erratic shifting patterns of floods
and famine in agricultural regions, forest fires, and other natural disasters. Additional challenges will emanate
from ever-increasing demand due to the growth in global population, notwithstanding shifts in consumption
away from meat-based protein to plant-based protein, largely to alleviate the environmental burden imposed by
the animal husbandry industry (Aschemann-Witzel et al. 2021). Advancing equitable and sustainable agriculture,
while also warding off any regional geo-political and social conflicts arising from disputes associated with
securing the availability of water, energy, and land resources for agriculture, will pose major challenges (Serraj
and Pingali 2018, Basso and Antle 2020). These challenges will shape future operations management (OM)
research to leverage technology advances and facilitate more transparent, timely, dynamic, and targeted
decision-making for various stakeholders in the agribusiness sector.

Increased digital connectivity and emerging technologies will create data-rich environments for
facilitating future OM research on farm operations. Major sources of data in this environment will include
satellite-based remote sensing data, secondary data collected by governmental agencies, big data on soil and
crop characteristics via precision agriculture, crop imaging data through the use of drones, weather data, social
media data, data gathered via information technology platforms, and transaction data in value chains through
blockchain technology. Big data, in conjunction with opportunities for field-based experimentation, can be
leveraged by OM scholars in using both predictive and prescriptive analytics in an integrated manner to address
major challenges for this sector.

All these factors motivated us to review research in agribusiness. Agribusiness is a vast topic of study
that includes farming, processing of produce, and distributing to the end consumer. However, the scope of this
paper is limited to farming operations - the upstream end of the agribusiness supply chain - due to space
constraints. Our study primarily focuses on farm produce, but we also briefly discuss forest planning, planting,
and harvesting of timber primarily to keep this area under the radar of POM researchers.

OM researchers are the primary audience of this paper. Therefore, we review published literature and
provide directions to OM researchers for future research opportunities in farming. We searched for the relevant
papers in operations management (OM) and related journals, and a recently published book, “Agricultural
Supply Chain Management Research Operations and Analytics in Planting, Selling, and Government

Interventions", edited by Boyabatli, Kazaz, and Tang (2022). We found 298 papers, whose details are given in



Endnotel. The farming-related research in OM has gone through an evolutionary process during the last six
decades in terms of topical and methodological coverage. Until the end of the last century, the primary focus of
OM farming research was to improve operational efficiency and efficacy. However, at the turn of the century,
the research landscape started changing with increased focus on stakeholder management that also entails farmer
welfare and sustainability issues while recognizing the opportunity to leverage the Internet and proliferation of
mobile communication devices to empower marginal farmers2. The launch of e-Choupal by ITC Limited is a
good example of the earliest intervention envisioned two decades ago to develop a rural digital infrastructure in
India to create an e-marketplace to empower the farmers (Annamalai and Rao 2007, Chen et al. 2013). In the
ensuing years, researchers also realized the potential for the enhanced role of emerging technologies, precision
farming, new data collection and sharing techniques, and artificial intelligence and machine learning to address
major challenges for agriculture (Spanaki et al. 2021, Rejeb et al. 2022). Issues related to Internet of Things
(1oT), satellite imagery, drone imaging, blockchain, risk assessment, sustainability concerns, and government
intervention in the presence of strategic farmers and cooperatives also emerged in the farming-research portfolio
(Mondal et al. 2019, Pranto et al. 2021, Zhang et al. 2021).

The remainder of this paper is divided into four sections. In Section 2, we present an evolution of farming
research. Section 3 discusses the ‘Stakeholder Engagement for Farming in a Digital Era’. ‘Operational
Efficiency’ is discussed in Section 4. At the end of each sub-section in Sections 3 and 4, we also identify some
specific opportunities for future research based on identified gaps in the literature. In section 5, the paper
concludes by identifying and discussing emergent themes for future research that have not been addressed well

in the extant literature.
2. Evolution of Farming Research

We group the farming literature into two major categories: “stakeholder engagement for farming in a
digital era” and “operational efficiency in farming’’. Figure 1 gives the road map of this paper and lists various

functions covered in these two categories.
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Figure 1: Road Map of the Paper



In this section, we provide the evolution of the research literature in farming. We searched for relevant
research in operations management (OM) and related journals and selected 256 relevant papers (called corpus
in this paper). Figure 2 shows the research growth using a 5-year moving average of the published papers
spanning almost six decades, from 1965 to 2021. The growth rate is slow and steady, with an increase of about
0.62 paper per year over the last 15 years. However, this growth rate seems rather low for this sector of the
economy. We hope this paper will open avenues for more research.

We also analyzed the evolution based on the following three criteria: purpose of analysis (predictive vs.
prescriptive), analysis techniques, and type of data used. Overall, based on the corpus, prescriptive research
(80.5%) attracted more attention from researchers than predictive research (19.5%). Figure 3 shows that
prescriptive analytics always outhumbered predictive analytics. A possible reason for this may be the
unavailability of data required for predictive analytics, discussed further in the rest of this manuscript. On the
other hand, the figure also shows that the prescriptive curve has recently plateaued, indicating saturation of stand
alone prescriptive analytics in farming operations. We believe that emerging OM research focused on

prescriptive analytics in farming operations will increasingly involve integration with predictive analytics.

16

12 'v

Count

o

\9’\0 \"f\nj \‘f‘b \"f\q \Qq’q' \9?’5 \‘3%% \99\ \ng‘ \()9’\ qp@ @QGB qDQb @Qoq @B\m @Q\‘J qp\cb rLQq*\

Year

Figure 2: 5-Year Moving Average of Evolution of Upstream Agribusiness Research

From a data perspective, we use the commonly accepted categories of data type in OM research, which
include: archival (secondary data), hypothetical (simulated), real (data for setting model parameters based on a
real example or studying an actual event or case), and survey (primary). See for example, Gupta et al. (2016). A
term of recent origin is “big data,” and we have added this term as another category. Figure 4 shows the growth
of publications based on data type. Based on the corpus, papers most commonly used real data (41%), followed
by hypothetical (24.6%), no data (20.7%), archival data (12.1%), survey data (1.2%), and big data (0.40%).
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Figure 3: Growth of Publication Based on Purpose of Analysis

Figure 4: Growth of Publications Based on Data Type (Five-year Count)
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An analysis of the techniques used shows that mathematical programming is used in the maximum
number of papers (57.0%), followed by statistical analysis (10.5%), decision analysis (9.8%), game theory
(10.5%), heuristics (4.7%), simulation (3.9%), meta-heuristics (3.1%), and artificial intelligence (Al) and
machine learning (0.4 %). In Table 1, we further illustrate the distribution of papers mentioned in Figure 1 from
the perspective of data type and analysis techniques.

In the next section, we provide an overview of the emerging farming-research era, wherein scholars
have largely focused on understanding and influencing stakeholder interactions (e.g., the role of government
intervention, contracting, and cooperatives) and leveraging technology and platforms to address challenges in

the areas of finance, insurance, and sustainability to improve farmers’ welfare.
3. Stakeholder Engagement for Farming in a Digital Era

Technological developments, concerns for farmers, focus on ending hunger, achieving food security,
improved nutrition, and promoting sustainable agriculture are fueling the recent developments in agribusiness
research. Several researchers have focused on understanding and shaping the role of government intervention
and leveraging information technology and platforms to enhance farmers’ welfare. Studies in loan and insurance
management for farmers, as well as contracting between farmers and other stakeholders, have also been a
significant area of research over the last decade. Increased attention to issues such as climate change, food
security, and welfare of marginal farmers has also led to significant research on sustainable agriculture. In this
section, we discuss these developments under the following five categories: (1) Government Policy and
Interventions, (2) Technology and Platforms, (3) Farm Finance and Insurance, (4) Sustainability, and (5)

Contracting and Cooperatives.
3.1. Government Policy and Interventions

Farming policies established by governments generally provide subsidies to supplement farmers’
income, pricing to influence commodities' cost and supply, and guidelines on sharing information or managing
information systems. The goals of these policies include maximizing farmers' profits and social welfare. The
majority of papers (twenty papers) on this topic use prescriptive analytics, followed by predictive analytics (eight
papers). Research focused on public policy and government intervention has started considering stakeholders to
be strategic and hence relied predominantly on game-theoretic frameworks. Among prescriptive works, eleven
papers have not used any data, and the rest have used real data. Among predictive ones, four studies utilize real

data, and four use archival data.

The following studies investigate various policies using predictive analytics in conjunction with archival
data. Amores and Contreras (2009) use data envelopment analysis to develop an allocation structure for
government subsidies that improve the production quality and the environmental and social values of agriculture.
Serra et al. (2014) consider a sample of arable crop farms in the Catalan region and propose farm-level technical

and ecological efficiency measures that can account for the uncertain conditions faced during farm production.



Their findings indicate that technical efficiency is a little lower in adverse conditions than in the right growing
conditions. They also find that nitrogen pollution can be substantially lower under good vis-a-vis terrible
growing conditions. Minviel and De Witte (2017) use robust conditional frontier modeling along with
nonparametric econometrics to estimate the influence of subsidies on farm efficiency. Their findings from using
an unbalanced panel data from 313 French farms suggest that subsidies negatively affect farms’ technical
efficiency (i.e., efficient use of conventional inputs and outputs). Ayouba et al. (2019) introduce a price
advantage measure as the difference among efficiency scores calculated with quantity-based and value-based
data. This measure captures the increase in the farm’s profit rate because of a favorable input and output price
setting. They show the application of this measure using a French farm’s dataset in the context of successive

common agricultural policy reformations.

The following studies utilize real data in conjunction with predictive analytics. Sumpsi et al. (1997) use
the data on family farms in Spain to study farmers’ behavior to government policies. They find that the behavior
of farmers (regarding cost minimization of working capital, hired labor, and risk) depends on multiple functions
and cannot be explained by a simple objective function. Using a dataset from farm cooperatives in Japan,
Sueyoshi (1999) investigates distribution functions of efficiency among two groups of farmers for new policies.
To do so, he proposes a ranking system using data envelopment analysis (DEA) in conjunction with efficiency
analysis and index measurement. Cherchye and Van Puyenbroeck (2007) use non-parametric DEA to estimate
the profit when the government or policy-makers do not provide or share complete information on prices and
technology used in different farms. They show the application of their technical contribution using German farm
data, wherein the information on technology and prices are not complete. Garcia-Alonso et al. (2010) use
artificial neural network models to predict the gross margin of farms that can be used by governments to improve
subsidy allocation. The authors examine the effectiveness of their approach vis-a-vis using multiple linear

regression models.

Another stream of research employs prescriptive analytics using no data. Cabrini et al. (2004) utilize
portfolio theory in conjunction with nonlinear integer programming to identify an efficient combination of
specific advice to farmers on how to market their products and support them in their attempts to manage price
risk. Tang et al. (2015) examine whether farmers should directly use information (e.g., market information) to
improve their production plans or adopt agricultural advice from the government or non-governmental
organizations (NGOs) to enhance their operations. They model this interaction with a Cournot competition for
two farmers under uncertain market demand and process yield. Their result shows that in equilibrium, farmers
use market information to increase their profits. In a follow-up paper, Chen and Tang (2015) investigate whether
the above information creates economic value for farmers. By analyzing a similar Cournot competition game,
they show that private signals produce value by increasing farmers' welfare. Nevertheless, this value declines as
the public signal becomes available. Liao and Chen (2017) consider a problem wherein they study asymmetric

information structures of farmers’ information management and utilization instead of focusing on private and



public information. They assume that farmers obtain information indirectly from local social networks or directly
from the government or NGOs. Hence, they may have very different information channels. The results of Liao
and Chen’s (2017) game theoretic model show that a farmer may be more (less) productive when seeing a
negative (positive) signal, and she may benefit from the improvement of a signal she cannot see. Additionally,
the farmer may become worse off when another farmer provides a signal to her. He et al. (2018) study a Cournot
model under asymmetric market information and examine the formation of informational coalitions between
farmers. Their findings provide guidance on how farmers' efforts link farmers in developing countries by
integrating market information. Their results indicate that the government or NGO should give the right amount
of market information to the right farmer, and providing too much information leads to more ineffective
production.

Liao et al. (2019) examine the effect of information provision policies on farmer welfare in developing
economies wherein producers lack appropriate and timely information for decision-making about their
production strategies and marketing. When market information is given free of charge, their results show that
giving information is always helpful to farmers at the individual level. However, giving information to all
farmers may not be welfare-maximizing for all farmers. Jiang et al. (2021) analyze the effectiveness of two
government subsidy programs designed for farmers producing bioenergy to increase their supply for sale to a
power plant. The subsidy programs include schemes, wherein farmers are offered subsidies a) based on quantity
of bioenergy; b) to cover losses when market price for bioenergy falls below a trigger price. Chintapalli and
Tang (2021a and 2021b) investigate the effectiveness of credit-based minimum support prices (MSP) wherein
the government credits risk-averse farmers, in case the prevailing market price were to fall below the stated
MSP. In Chintapalli and Tang (2021a), the authors analyze the impact on both net benefit to farmers and net
social value after accounting for the cost of implementing MSP. In Chintapalli and Tang (2021b), the authors
analyze the impact of cost subsidy and MSP on net benefit to farmers and net surplus. Ye et al. (2021) analyze
the impact of a farmer subsidy program vis-a-vis a producer subsidy program in a setting wherein risk-averse
farmers with limited land capacity and yield uncertainty produce biomass feedstock to supply to a bioenergy
producer. The strategic interaction between the government, farmer, and producer of bioenergy is analyzed while
also considering subsidy budget constraints and environmental benefits. Guda and Dawande (2021) develop a
model to evaluate the efficacy of guaranteed support price schemes offered in developing countries to small
farmers and underprivileged consumer populations. They analyze a Stackelberg game between a social planner
and small farmers while incorporating the strategic behavior of the farmers and the consuming population that

falls into two categories, i.e., above and below the poverty line.

Another body of prescriptive analytics utilizes real data. Wade and Heady (1978) study a governmental
agency that evaluates multiple alternative sediment control policies to provide optimal planning on technical,
regional, and cost distributions of agricultural production. Their results support decision-makers to form national

sediment control plans. Focusing on pricing and related policies, Baum et al. (1984) introduce a joint application



of optimization and simulation methods to develop a recursive programming model that considers the
uncertainty of market prices and government policies in managing production strategies and decision-making in
farms. They assess their model's quality by running two simulations with stochastic commodity prices and yields
for a Texas farm and provide credible and different results for the various economic environments. Owsinski
and Romanowicz (1985) develop a linear programming model and use sensitivity analysis to examine the
rationalization of agriculture policies in a country and its impact on pricing the commodities. Their mathematical
contributions provide guidance on excluding the impacts of specific parameters on some variables in the
sensitivity analysis. Onal (1988) uses a mathematical model to investigate the social and economic results of
government intervention policies (i.e., pricing and allocation of resources) in agriculture. The result shows that
various support policies lead to welfare transfers among the business environment participants, keeping the
sectoral production and overall social welfare almost unchanged. Their findings also explain that for a cogent
allocation of scarce resources, specific weight should be given to those proposals supporting farmgate demand
for increasing agricultural incomes and the agribusiness contribution to the national economy. Onal et al. (1995)
examine the effect of increasing government subsidies for small farmers on their farm productivity and income
distribution. Their mathematical model results show that a significant increase could be created in farmers'
performance (i.e., growth in their output) and welfare distribution (i.e., equity) by reallocating subsidized
government credits (i.e., agricultural loans at a subsidized rate). Teich et al. (1995) consider a negotiation
between the government and the agriculture union to deal with income policy for Finland's agriculture industry.
Their decision support system provides guidance on how meditation techniques can help structure the
preferences and pricing policies and find an agreement for a negotiation problem. Sueyoshi et al. (1998) employ
data envelopment analysis to propose a new approach for bilateral performance comparison of farming
cooperatives using production and cost features. Using a dataset from farm cooperatives in Japan, they perform
a bilateral performance comparison to provide policy-makers a basis to reorganize the Japanese agriculture
industry. Alizamir et al. (2019) use game theory to examine (1) market price drops below a specific price (i.e.,
to offer price loss coverage) and (2) when farmers' revenue falls below a threshold (i.e., to provide agriculture
risk coverage). The authors find that the first subsidy policy always prompts farmers to plant more plots (i.e.,
pieces of land, lots). However, farmers may plant fewer plots under the second subsidy policy, driving a lower
crop supply. Both farmers and consumers may be better off under price loss coverage for an extensive range of
parameter values, even when the reference price depicts the past average market price. They confirm with the
data that their guidelines are backed by farmers' enrollment statistics for each subsidy program. Akkaya et al.
(2021) examine the impact of policy instruments of taxes and subsidies on the adoption of innovative production
methods in agribusiness, wherein there is significant uncertainty faced with the adoption of the innovative
method that also entails learning-by-doing. The authors consider a setting wherein an agribusiness has access to
both traditional and innovative methods and consumers have a higher valuation for the output using the new and

innovative method. In the next section, we present papers on the technology and platforms.



Judicious adoption of agricultural innovation can benefit farmers by enhancing their productivity;
lowering their environmental impact; and handling the challenges related to soil, weather, and market
requirements. Fostering innovation usually demands the government set policies that incentivize farmers to
experiment with new technologies and practices. Further research is needed to understand the determinants of
farmers' willingness to experiment with the adoption of specific agricultural innovation in a dynamic setting
where communication among farmers may result in farmers' learning from each other. This in turn can inform

the government in a timely manner to make any changes in their policy required to achieve the desired impact.
3.2. Technology and Platforms

The emerging era is witnessing enhanced use of technology, precision farming, and IT platforms
facilitated by new data collection and sharing techniques (e.g., Chen et al. 2015, Zhou et al. 2020). While satellite
imaging for agriculture has been prevalent over several decades, Internet of Things (IoT), drone imaging, and
blockchain are beginning to permeate farming operations. Over the upcoming decade, big data is expected to
lead to better predictive and prescriptive modeling in support of farm operations, resource management, and
other critical functions that support farming. Since the advent of the 21st century, farmers’ welfare has moved
towards taking the center stage amongst stakeholders in agribusiness, in both developing and developed
economies. e-Choupal is a good early example of the impact of technology on the benefit of farmers in a
developing economy. e-Choupal in India is an initiative of ITC Limited that provides real-time information to
farmers to align their farm output with market demand. This also helps ITC in its procurement activities.
Developments in information technology are helping farmers to get information about price shifts, changing
weather patterns, crop production techniques, and new practices to produce crops. We find nine papers in the
literature that are related to information technology. Four of these studies use predictive analytics, and five

papers use prescriptive analytics.

We first present studies using predictive analytics. Aubert et al. (2012), based on survey data, develop
a model explaining the difficulties in adopting precision agriculture technology. They utilize technology
acceptance and diffusion of innovation theories. Their empirical analysis employs survey data from farms in
Canada. Their findings emphasize the value of compatibility among precision agriculture technology elements
(such as ease of use, observability, perceived resources, and perceived usefulness) and the central role of farmers'
expertise. Two papers used archival data with a focus on predictive analytics. Parker et al. (2016) show that, in
addition to improving market efficiency, timely and reliable information acquired through information and
communication technologies decreases the geographic price dispersion of crops and also the rate at which prices
converge. They utilize a data set from a text message service in India that gives daily price information to market
partners. Petridis et al. (2020) determine factors that influence the ability of firms to innovate or imitate in
agribusiness using information technologies. They find that innovation is positively correlated with income,
female employment, export practices, and the level of training of farmers. In contrast, imitation is improved in

nations whose cultures are distinguished by uncertainty avoidance.
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We next focus on studies using prescriptive analytics. Using prescriptive analysis with hypothetical data,
Zhang and Goddard (2007) develop a Web-based Decision Support System (DSS) wherein a layered software
structure helps design the Web-based DSS, and a component-based framework executes the Web-based DSS in
a distributed environment. They apply this Web-based DSS to the National Agricultural System. For example,
this system develops an index indicating the moisture departure for a region, executing a simple supply-and-

demand model for a water balance equation.

The following three studies use prescriptive analytics with no data. Lowe and Preckel (2004) discuss
the challenges in agriculture and farming and see a need for efficiency and modern decision technology tools
(such as computers and sensor technology). They propose some new and significant issues such as product
proliferation and precision production facing the industry that could be resolved by new technology. Chen et al.
(2013) develop a game theoretic model to study the ITC's network platform for farmers in India. They examine
ITC's incentive for farmers, which is trading the products directly to ITC at the market price in the regional
market, and investigate the farmers' strategic quantity decisions. They find that the implicit agreement functions
as a formal contract, despite the price elasticity of the regional market. Chen et al. (2015) develop a stylized
model to study the peer-to-peer interactions among farmers when both knowledge learning and sharing are
possible through online forums. An expert constantly watches the platform and answers the farmers’ questions
but may be non-responsive sometimes due to the limited capacity. Their results show that employing more
workers to monitor the platform regularly damages peer-to-peer cooperation. Kurkalova and Carter (2017)
employ the resource-based view to evaluate a specific green technology (i.e., yield monitors to reduce the use
of liquefied petroleum as a source of energy) using a five-step simulation modeling approach to estimate the
benefits of this technology represented as dollars saved and decreased greenhouse gas emissions in agriculture
businesses. Zhou et al. (2021) analyze an asymmetric two-stage game to understand whether a wider
dissemination of market information, facilitated by government and non-governmental organizations in
developing countries, is always beneficial to farmers. They find that optimal information dissemination policy
depends on the nature of competition, uncertainty in yield, source of funding, and the overarching goal of the

social planner.

While recent research provides a foundational start, there is a need for future research in OM to develop
economic models that can offer more targeted insights for farmers by capturing the strategic interactions between
farmers, buyers, platform providers, and government interventions in an increasingly transparent and data-rich
environment facilitated by precision technologies and platforms. There is a need to understand what would drive
the adoption of a specific portfolio of precision agriculture technologies by farmers in their operations and
facilitate farmers’ requisite engagement with platforms, particularly for marginal and small farmers in
developing or underdeveloped countries. Empirical research can help estimate the impact of the adoption of
precision agriculture technologies, information technologies, and platforms on metrics of interest to

stakeholders.
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3.3. Farm Finance and Insurance

Farm finance papers focus on investment in farm resources, crowdfunding, factors affecting the return
on investment, and farmers' income using empirical as well as mathematical models. Scholars use predictive
analytics (in two papers) and prescriptive analytics (in six papers) to examine these topics. Data sources for these
studies include archival data (one paper), real data (three papers), no data (four papers), and primary data (one
paper).

Among studies that use predictive analytics, Martins and Lucato (2018) examine the effect of the
production factors, and their empirical analysis of 152 agriculture cooperatives shows no significant correlations
between the production structures and the financial performance of cooperatives. da Silva et al. (2020) develop
a two-part fractional regression model with conditional free disposal hull efficiency (i.e., a non-parametric
method to measure the efficiency of production) responses to support two-stage regression analysis. Output is

gross income, and inputs are land and labor expenses and other technological inputs.

Papers undertaking prescriptive analytics using real data include Colin (2009), Heikkinen and Pietola
(2009), and Viaggi et al. (2010). Colin (2009) develops a simulation for a financial valuation model to study the
impact of the acceleration of the sugarcane factory implementation on the value of the sugarcane agro-industrial
complex. Heikkinen and Pietola (2009) develop a dynamic stochastic programming model for a Finnish farm to
find the optimal investment in crop production. They consider the loss due to income uncertainty for each period.
Viaggi et al. (2010) use an integer programming model to simulate investment management in various policy
and price scenarios, focusing on the decoupling of the Common Agricultural Policy (CAP). Their multi-objective
farm-household dynamic integer programming model considers the features of individual assets, including aging

and persistence, through the explicit consideration of transaction costs.

The following four papers perform prescriptive analytics without using any data. Zhou et al. (2020)
examine how crowdfunding, the practice of funding a project or venture by raising many small amounts of
money from a large number of people, can help poor farmers. Their result, derived from a game-theoretic model,
shows that the optimal choice depends on the interplay between the customer’s willingness to pay and the cost
coefficient for a quality investment. Using a Markov decision process, Qian and Olsen (2020) examine the
coordination of operational and financial choices of agricultural cooperatives. In this model, producers’ equity
is expected to be in proportion to their crop supplied. They characterize the optimal solution and provide insights

into how the co-ops manage the risk and cash position.

Insurance mitigates the risk of lending to the farmers and enables repayment of loans, lessens budget
variations of expenditures by shifting climatic risk to the private sector, raises fiscal period during shock cycles,
and helps maintain agriculture growth, which likely provides job creation. Assa et al. (2021) propose a revenue
insurance policy that can increase investment in agriculture and also be a substitute for government subsidies.

They use total profit (Pareto optimal) and the Stackelberg game to show the impact of commodity price insurance
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on risk management and find that insurance will enhance the impact of the investment. Yi et al. (2021) compare
financing options for a cash-constrained farmer using mathematical programming. They find that the presence
of an intermediary finance platform has a positive impact on the welfare of the farmer and the total profit of the

supply chain.

There is a significant opportunity to understand the interplay between financial decisions and equity
redemption for marginal and small farmers in a cooperative. Receiving a loan can be difficult because co-op
members’ equity is not static and guaranteed; defaulting on a loan could also make this problem more serious.
Also, governments have indicated that activities that do not deliver punctual redemption of previous equity are
unfair. Researchers are encouraged to investigate how constraining the liquidity condition on loan repayment,
and equity redemption may impact the operational and financial decisions within proportional investment
cooperatives, wherein a farmer’s equity is based on the amount produced at a farm. In the next section, we

present papers on sustainability in farming.
3.4. Sustainability

Farming operations impact the natural environment as well as societal aspects. Ecological considerations
include building and maintaining healthy soil; managing the water system; decreasing air, water, and climate
pollution; and promoting biodiversity (Dalsgaard et al. 1995, and Darnhofer et al. 2010). From the social aspect,
farms and agribusinesses need to plan to manage and improve health and social equity, human rights, labor
rights, working conditions, social responsibility and justice, community well-being, and resilience (Bacon et al.
2012). We find five papers that use prescriptive analytics with no data, or with hypothetical and real data. Two
papers utilize predictive analytics in conjunction with archival data, with a focus on the environmental issues or

the issues at the environment-economic interface.

Using prescriptive analytics with no data, Hosseini-Motlagh et al. (2020) utilize an evolutionary game
to study the behavior of financially constrained farmers who receive financial support from a distributor, based
on their sustainability and investment decisions. They study how farmers strategically make decisions regarding
environmental issues (i.e., emission reduction) considering the time value of money. They find that providing
financial support to promote sustainability leads to a win-win situation for farmers and a distributor. Generally,
financial support for sustainability improves the farm's environmental sustainability and the demand for the

farm’s output, while it supports financially weak farmers to remain in the market and enjoy higher social welfare.

The following two papers employ hypothetical data in conjunction with prescriptive analytics.
Prabodanie et al. (2014) consider the tradable nitrate permit market for farmers and investigate a set of alternative
linear programming models to find optimal permit prices in advance. They find the market price structures for
different environmental conditions and obtain the physical and economic conditions required to assure consistent
prices. Wang et al. (2020) develop a Quality Improvement Activities (QIA) framework to study the tradeoffs

between carbon emission, quality, and time in perishable food production. Their multi-objective optimization
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model generates the three-dimensional Pareto front to facilitate decision-making. Their results show that farmers
can mitigate quality uncertainty but cannot change the farm's random nature. Randomness here refers to the

amount of random time needed to process a task on a farm and the amount of carbon emission created.

The following two papers utilize real data to run their prescriptive analytics. Elfkih et al. (2009) use goal
programming to examine sustainability issues of irrigated agriculture. The motivation for this research comes
from the European “Water Framework Directive.” They observe that solutions acceptable for environmental
sustainability do not seem reasonable for profitability, and vice versa. Thus, they suggest looking for best-
compromise solutions among the solutions to design sustainable cropping patterns. dos Santos et al. (2010) study
a farm production problem wherein they must meet the demand and optimize both the division of areas in plots
and crop rotation plan while considering ecological constraints. The ecological constraints include the
interdiction of particular crop sequences and the regular insertion of manures. Their proposed linear formulation

helps farmers to maximize land occupation while considering the ecological constraints.

Gomes et al. (2009) and Picazo-Tadeo et al. (2012) use archival data for predictive analytics. Focusing
on a group of farmers in the Brazilian Amazon and using DEA models, Gomes et al. (2009) examine the
sustainability performance of those farms. They find that the maintenance of production systems to keep the
efficiency of both cultivation processes and labor at a high level is the primary factor in agricultural
sustainability. Picazo-Tadeo et al. (2012) assess the ecological performance of Spanish olive-growing farms
using directional distance functions and data envelopment analysis. In the next section, we present papers on

contracting and cooperative farming.

Future research can focus on leveraging big data and integrating predictive analytics with prescriptive
analytics to enable targeted government subsidies and other interventions to minimize the impact of agricultural
runoff of pesticides and fertilizers into lakes, streams, and groundwater. As one examines past research focused
on sustainability in agriculture, it is also clear that OM research in agriculture needs to pivot considerably
towards enabling the achievement of the United Nations’ Sustainable Development Goals set up in 2015. Studies
on the social or socio-economic aspects of sustainable farming are significantly lacking in OM literature. Topics
such as agricultural and labor management, education and housing conditions for the workforce, safety and
health hazards caused by pesticide spraying for the farm workforce, and improvement of rural areas around
farms and their community are emerging topics in other management fields. One needs to utilize the data at the

farm level or within co-ops to investigate mentioned social aspects of sustainability in future research.
3.5. Contracting and Cooperative Farming

Contracts between farmers and buyers are established to guarantee fair compensation for farmers while
ensuring the supply of products with specified characteristics is delivered on time to the buyers. Seven papers

in this section use prescriptive analytics while using no data, whereas only one paper uses predictive analytics
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in conjunction with archival data. We divide papers into two categories: papers focusing on contracting features

and those focusing on contracts for cooperative farming.

We first present the contracting papers that focus on prescriptive analytics. Ryan (1999) models a
bargaining scenario between a farmer and a landowner, wherein any agreed production plans and weather
forecasts play an intervening role. Results show that the two players may agree on the details of contingent
production plans, contingent resource evaluations, and weather forecasts to enhance profits not only relative to
those plans but also in a manner relative to each other. Burer et al. (2009) investigate contracts with specific
bonus and penalty features in the seed industry. By considering the assumption of uniform demand, they fully
characterize all coordinating contracts. Niu et al. (2016) consider firm—farmer and firm—cooperative—farmer
channel structures to examine how each contract type affects the coordination of efforts and utilities by members
in the channel. They consider wholesale price and cost-sharing contracts for the firm—farmer channel and observe
that the latter can result in a win-win result for both the farmer and the firm when the firm's cost-sharing is lower
than a threshold level. Further, they investigate the firm—cooperative—farmer structure using two bargaining
models based on the cooperative's commission contracts with the farmer. Hu et al. (2019) study how strategic
and naive farmers with different production costs, under price variations, make crop planting decisions to
maximize their welfare. Their equilibrium results show that naive farmers' decisions may create recurring
overproduction or underproduction, causing price volatility. Federgruen et al. (2019) study a Stackelberg game
wherein a manufacturer (leader) chooses a set of farmers to extend a menu of contracts, and each farmer
(followers) picks a contract from this menu in advance of the growing season. They find that when finalizing
the contract menu, the manufacturer can limit the option to relatively simple menus, depending on the farmer
pool's heterogeneity. Rajput and Venkataraman (2021) develop a Stackelberg game between a firm and a farmer
and propose a pricing mechanism that adjusts the market price to accommodate extreme price fluctuations that
can enable both parties to avoid violation of the contract. Ayvaz-Cavdaroglu et al. (2021) analyze policies for a
for-profit cooperative that offers quality-based payments to risk-averse farmers who operate under yield
uncertainty, quality requirements, and open market prices. They find that farmers consistently underinvest in
crop quality when the quality-based incentive payments mimic open market prices. They propose easy-to-
implement policies that can lead to gains for farmers when used in conjunction with crop insurance. Chen and
Chen (2021) study the impact of contracting between the buyer and farmers in developing economies, wherein
the buyer firm commits to an ex-ante procurement price and promises to buy the high-value agricultural product.
The analysis focuses on the buyer’s cost reduction efforts and its impact on suppliers’ participation and economic

benefit for contract farmers vis-a-vis non-contract farmers.

We found only one paper that uses predictive analytics. Puchalsky et al. (2018) examine the problem of
price variations and their impact on contract farming. Their models predict variations in the price of products

and services for farmers. They use five optimization techniques (i.e., Differential Evolution (DE), Artificial Bee
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Colony (ABC), Glowworm (GSO), Gravitational Search (GSA), and Imperialist Competitive (ICA)) to achieve

the best time-series forecast for prices.

The next topic in this section covers cooperative farming, wherein three papers use prescriptive analytics
with no data. Palsule-Desai (2015) studies the competition between fringe farmers and a two-tier cooperative
network (i.e., contract farmers and a coordinator). The author investigates the coordinator and profit-sharing
roles in allocating costs/benefits of externalities in improving network performance, using a non-cooperative
game theory framework. An et al. (2015) study five game-theoretic models to investigate the effect of formal or
informal co-ops on reducing production cost, increasing/stabilizing process yield, increasing brand awareness,
eliminating unnecessary intermediaries, and eliminating price uncertainty. Considering pricing concerns in
farming, Tang et al. (2016) study contracts with partially-guaranteed prices between farmers and agri-food
companies (i.e., buying firms). In their Stackelberg game (i.e., leader-follower game), the buying firm (leader)
commits to purchase the product when harvested, offers a guaranteed unit price for any specific portion of the
product, and consequently provides the market price prevailing upon delivery for the remainder. Then, the farmer
(follower) chooses that particular portion. They characterize the optimal solution under various conditions, such
as when the purchased quantity is exogenous or endogenous and when the buying firm provides advisory
services to the farmer. Lastly, Shi et al. (2019) consider the storable agricultural product inventory problems for
farmer cooperatives by examining a class of stochastic and dynamic inventory models with randomly varying
but known supply and price. They characterize the optimal selling policies to maximize the farmer cooperatives’
expected profit under various cost functions. Using prescriptive analytics by utilizing hypothetical data, Qian
(2021) proposes a two-stage model of a cash-constrained farmer who has the option to convert a raw commodity
into a value-added product by joining an agricultural cooperative. As the cooperative is a closed membership,
the farmer has to decide whether to join it or not and if one opts to join then decide the production capacity and

equity investment.

There are several avenues for future research in this area. One can utilize data collected from farms/co-
ops to determine or predict the pre-planting fixed buying price (or formula) for crops in contracts, design a
repeated contract based on the timing of planting/harvesting seasons, develop contract terms based on the
prediction of environmental (weather, soil humidity, etc.) and local/international political issues. Further, one
could investigate how the buyers can use contract farming to create farmer pools and thus aggregate the input

procurement, services, and labor requirements.

In the next section, we discuss the literature on “Operational Efficiency in Farming”. While research in
the emerging era has largely focused on understanding and influencing stakeholder interactions, leveraging
technology platforms, and sustainability to improve farmers’ welfare; the issues of concern in traditional era
research have been predominantly on facilitating decision-making for improving performance in farm

operations, albeit being largely devoid of leveraging field-data.
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4. Operational Efficiency in Farming

The research focusing on improving operational efficiency in farming includes both predictive and
prescriptive techniques. We discuss this research in the following four groups: (1) Pre-farming Decisions (crop
mix, crop rotation, and land use), (2) Farm Operations (sowing/planting, irrigating, and harvesting), (3) Resource
Management (farm inputs [fertilizers, manure, seeds, pesticides], farm machinery, and workforce), and (4) Farm
Performance (productivity and risk management). The details of the papers on operational efficiency in farming
are included in Table E1 in the E-Supplement. The table summarizes each paper's data type, analysis technique,
and source title. In the following subsections, in addition to presenting the broad research areas in each group,

we discuss how recent technological development may introduce new research opportunities.
4.1. Pre-Farming Decisions

Pre-farming decisions are made before sowing starts. We include crop mix, crop rotation, and land use

in this category as described below.

Crop Mix: Crop mix specifies the proportion of different types of crops to be planted on a given land to maximize
revenue/profit. Factors that influence crop mix decisions include land productivity, soil type, and yield response

to fertilizer/pesticide applications (Radulescu et al., 2014).

Crop Rotation: Crop rotation identifies the sequence of different crops to be planted in a field over several
planting cycles. Rotation helps in maintaining soil health, reduces dependence on synthetic fertilizers and

nutrients, and helps in maintaining environmental sustainability.

Land Use: Land is one of the most important resources in farming, directly contributing to overall farm output.
Farmers need to decide on land use, based on the season and demand-expectation, the type of crops to grow to
get maximum return on assets. Land-use decisions also include considerations for factors such as farm inputs
and sustainability, which have a direct impact on soil health and thus on present and future crop yield from the
farm. The proportion of land allocated to different crops is important for maintaining soil health, improving crop

productivity and yield, and the operational profitability.

We list all the papers in the above sub-categories in Table E1 in the E-supplement. We give below an

overview of the models and techniques used in pre-farming decisions, followed by future research directions.

Modeling approaches have analyzed pre-farming decisions in both deterministic and stochastic
scenarios. The input parameters include market price (forecast), market demand, yield, irrigation availability,
etc. Pre-farming decisions are influenced by crop life, farm size, government subsidies, and minimum support
prices. There is scope for frequent decision making in medium- to short-life crops such as wheat, rice, or many
horticulture crops. The large farms may be more amenable to also investing in technology infrastructure that
uses scientific decision making to optimize yield or profits whereas small farms (less than 5 hectares) are not
able to realize the benefits of such approaches. Government subsidies and minimum support prices for selected

crops also influence farmers’ decisions about the type of crop to be planted.
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Technological developments are going to influence pre-farming decisions. With the increase in social-
media networks, farmers are exposed to larger peer-discussion and advisory groups that influence pre-farming
decisions. Future research can estimate drivers of the diffusion of social media interactions among farmers and
examine its influence on their pre-farming decisions and ensuing performance. There is also a rise in the amount
of data available through satellites, drones, and the Internet of Things. This data can be analyzed using artificial
intelligence and machine learning for better pre-farming decisions. Advances in machine learning can be used
to estimate the impact of pre-farming decisions on yields and other economic and environmental metrics for the
farm. For example, in a study supported by the World Bank, Deininger et al. (2020) use machine learning to
analyze the crop and yield data collected using satellites, to examine the impact of crop rotation on yields and
the ensuing financial performance of farms in Ukraine. With the advent of precision farming, future research
can engage in big data analytics to further analyze this impact by controlling for soil conditions, rainfall,
temperature, application of fertilizer, irrigation, and timing of harvesting, among others. Similarly, with free
Earth Observation (EO) data availability, scholars are now able to address questions that they were not able to
before. For example, by utilizing EO and geographic information system (GIS) data, Poortinga et al. (2020) run
simulations to examine the effect of traditional drivers of change on land use and predict the chance of changes
in different areas and how it may affect the agriculture and sustainability practices in those regions. Changes in
climatic conditions too will behoove farmers to seriously examine their pre-farming decisions and look for less
resource/water-intensive alternatives. For instance, there exist data on several factors including but not limited
to land use and boundaries, forest cover, monitoring of environmental interactions, crop yield and production,
etc (see https://www.nass.usda.gov/Research_and_Science/Cropland/sarsfags2.php). Understanding the impact
of crop mix and crop rotation on yield and financial performance at farms under changing climatic conditions

can also enable land use decisions, particularly when water resources become scarce.

The models proposed in pre-farming decisions are based on deterministic market conditions such as
demand or price while broader but very relevant issues such as droughts, unemployment, currency fluctuations,
diseases, etc. are not incorporated into the models (Brulard et al., 2019, Albornoz et al., 2020, Cervantes-Gaxiola
et al., 2020). In addition, the present models are tested by either simulated data or limited real data from farms.
There is a need to get larger volumes of quality data from multiple farms to build a realistic model that can be
tested and used by farmers (Ridier et al., 2016, Brulard et al., 2019). Thus, models developed in the literature
have severe limitations in terms of lack of real-life application and thus farmers’ confidence in these models
(Brulard et al., 2019). Emerging technologies, such as 4G/5G-enabled smartphones, water and soil sensors,
drones, and satellites, may be able to provide farm-level data to facilitate pre-farming decisions for small and
marginal farmers that consider terrain, soil, weather, climatic, and economic conditions in the region. Next, we

briefly introduce the body of the literature on farm operations.

4.2. Farm Operations
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Planting, irrigation, and harvesting activities constitute the bulk of what has been termed farm operations
in this paper. We describe them below and list the relevant papers for each activity in Table E1 in the E-

supplement.

Planting: Planting activities focus on scheduling of tilling of lands, plowing, and planting of seeds and saplings.
See for example Wijngaard (1988) and Aliano Filho et al. (2019).

Irrigation: Irrigation research focuses on irrigation strategies, policies, and network design. Irrigation has a
major influence on the final crop yield and it has a major environmental impact due to the usage of groundwater
and as a medium for fertilizer runways, which pollute water bodies. Building dams and canals to support
irrigation influences costs. Other infrastructure costs from an individual farmer’s perspective include pipes,
pumps, and fuel (electricity, diesel). Irrigation network design addresses questions about water distribution
system and channels, irrigation pumping capacity, area to be irrigated, pump and machinery life, and

maintenance situation (Gongalves and Vaz Pato., 2000; Zhang et al., 2009; Gongalves et al. 2014).

Harvesting: Harvesting includes identifying ripened/ready/mature crops and cutting/chopping/separating them
from the origin. The nature of the crop, soil conditions, and terrain can impose special considerations for the
planning and scheduling of harvesting. Planning for harvesting entails the allocation of specific time periods to
harvest a section of the forest, farm, or orchard. The scheduling of harvesting periods is done in conjunction
with the allocation of labor and equipment required for harvesting, loading of the harvest for transportation, and

scheduling of transportation to post-processing facilities, markets, or storage facilities.

Timber harvesting, a major part of forest planning, considers the impact on wildlife habitat, among other
considerations (Carvajal et al., 2013; Constantino and Martins, 2018). In the case of crops such as sugarcane,
ensuring supply of the crop to the sugar mills requires coordination between scheduling harvesting in specific
sections of each farm while simultaneously loading the sugarcane crop (also termed as harvest fronts) and
transporting it to the sugar mill to meet its production needs in a timely manner (Alvarez-Miranda et al., 2018).
Fruits and vegetables, due to their perishable nature, provide a distinct harvesting challenge wherein each type
of produce has a different ripening curve (Escallén-Barrios et al., 2020; Gomez-Lagos et al., 2020). Hence, one
has to schedule harvesting of these different types of produce in specific periods that match their corresponding
ripening characteristics. At the same time, one is constrained by having to harvest all the fruits in a relatively
short time in order to avoid any loose fruit picking, over-ripeness, or rotten fruit. Harvesting grains that are
considered to be more non-perishable entails relatively fewer challenges of coordination with downstream stages
in the agribusiness supply chain.

The cultivators have to establish schedules for sowing, irrigating, and harvesting these activities under
resource constraints. The objective is to maximize the yield or profit. The important input variables in model
building include market price, market demand, estimated yield, etc. Most of the papers use market price as a
very important variable, and thus the effectiveness of the model is indirectly dependent on price forecasting

accuracy. Price sensitivity is missing in most of the papers. The majority of the papers provide incremental
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improvement on or deviation from earlier research with slight new ideas or thoughts. Most of these models are
based on either simulated or static/dated data collected weeks/months ago.

Large timber or sugarcane plantations, which have professional management handling the farm
decisions, are the most likely users of the available models. Small farmers who may not have professional
management can get support for targeted solutions from research institutions that can be facilitated via
cooperatives. The large plantations are generally linked to a processing unit such as a sugar mill or a paper mill;
thus the demand is a very important but less volatile variable in comparison to the crops being sold in open
market scenarios. The models can provide optimal decisions at an aggregate level, but it is difficult to build
models at the individual crop level by incorporating variables such as optimal maturity level. This limits the
application of robots/machines for these activities.

There is an increase in the application of emerging computer vision technologies coupled with machine
learning models to assist farm decisions. Scholars are encouraged to utilize machine learning and deep learning
algorithms on images from trees (i.e., image processing) to identify patterns of efficient harvesting for vegetables
and provide guidance to farmers for real-time fruit detection within a tree, fruit classification, and guide the
operation of fruit harvesting robots. Some of these techniques are discussed in Meshram et al. (2021). Future
research can focus on estimating the value of increased ability for farmers to leverage the imaging data on crops
and produce that is captured in real-time during automated harvesting of crops, in commanding better prices
based on actual grade/quality.

There is also an increase in the availability of soil health and crop images captured by satellite or drones,
which can help estimate crop maturity and thus influence irrigation and harvesting decisions. Scholars can utilize
big data extracted from new technology in the sugarcane harvesting process to run an analysis for identifying
sugarcane harvest periods. This analysis could be based on predictive analytics fed by images of large areas and
publicly available optical satellite data (Kavats et al. 2020). Few researchers are addressing strategic questions
such as infrastructure investment decisions for building roads, irrigation infrastructure, etc. We next introduce

the research on resource management in farming.
4.3. Resource Management

Farm resources management mainly considers management of physical resources (e.g., fertilizers,
pesticides, and farm machinery) and workforce management. We describe them below and list the relevant
papers for each resource in Table E1 in the E-supplement. The objective is mainly to increase yield or reduce
losses in managing these resources. The input parameters in various models include market price and cost of the

inputs.

Physical resources: Some of the important issues in managing physical resources are procurement challenges
with seeds and fertilizers, such as supplier selection, ensuring quality and quantity, discount and pricing, etc.;
issues related to machinery include farm machinery selection, automation, maintenance, capacity utilization,

remote operations, tracking, and scheduling. The advancement of technology has made it possible to run several
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remote operations such as monitoring and tracking, which have opened huge opportunities for farm machinery
and equipment management in a more targeted and timely manner (Coble et al. 2016). However, there is limited
research in this area from an OM perspective. Farm resources are heavily subsidized by governments across the
globe. Fertilizers and pesticides also have a major environmental impact on soil, water, and air and, therefore,
are heavily controlled by governments by regulating the supplies as well as by subsidies (Kaygusuz 2010). We
discuss this issue in detail in the Government Policy and Interventions sub-section. In the agribusiness research,
there is less emphasis on market factors such as demand and more emphasis on usage and maintenance. There
is also less emphasis on the optimization of machinery usage or automation of farm activities. The scheduling
of equipment use is intertwined with maintenance, as the rate, load, and duration of equipment use influence the
need for maintenance. Using real-time data collected through sensors from farm machines and equipment,
researchers can investigate the opportunity to optimize machine usage in conjunction with predictive
maintenance. For farm input resources, some important questions need to be explored. These include ‘when to
apply the inputs’, ‘which inputs to apply’, ‘how to optimally use the machinery’, and ‘what the challenges are
of technology adoption’, etc. Note that the ability to collect real-time data relies on investment in new

technology, and one may consider this also as a drawback in small farms.

Workforce: Most of the farm activities are very labor-intensive mostly because the farms are small or
inaccessible via machines. The labor requirement is seasonal. For example, huge demand is experienced during
sowing and harvesting while there is less demand during the growth period. Most farms depend on seasonal
(temporary) labor for farm activities (Klocker et al. 2020). The crop being perishable in nature and having a
limited window for optimal sowing and harvesting make it very challenging for the farmers to get the right
capacity at the right time. Thus, labor acquisition, labor planning, and labor scheduling are some of the core
activities. Lastly, workforce and staffing decisions have to be made for farm activities such as tilling the soil,
sowing seeds, spreading fertilizer, sprinkling pesticides, killing weeds, and threshing crops. Workforce

requirement depends on environmental conditions, crop rotation, demand, and market prices (Nettle et al. 2010).

The workforce-related literature focuses primarily on manual labor, and there is less emphasis on
workforce planning for human-controlled or human-assisted machinery (Pratley 2008). The availability of labor
in this sector is often affected by the demand for shared labor in other sectors. Advances in mechanization and
skills for labor-assisted mechanization in farming are evolving at an increased pace (Qing et al. 2019). Adopting
precision farming and mechanization technologies such as robotics, drones, and autonomous devices will be
increasingly crucial to a farm’s survival and competitive advantage. Each farm needs to evaluate whether it has
the workforce to take full advantage of these technologies or develop a plan to obtain these skills, considering
the restrictions on the budget and farm size. There is opportunity to consider the role of platforms in matching
demand for labor and equipment with third-party suppliers who can pool their machinery and labor resources
for situations wherein there is considerable fragmentation in the presence of numerous small and marginal

farmers (Wishon et al. 2015). In conjunction with more granular data captured from the farm, predictive and
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prescriptive analytics can help researchers find the gap between the current status of labor skills and what to do
to close the gap. Based on guidance from analytics, one can hire and schedule the workforce to enhance
productivity and yield. Thus, the above-mentioned considerations bring added dimensions for research wherein,
in particular small farmers too in the future may have to pool in input resources of farm machinery and labor,

and coordinate via cooperatives or outsource some aspects to third-party contractors.

The research in resource management addresses existing problems, including fertilizer allocation,
machinery maintenance, and workforce allocations, but places very limited attention on the inclusion of
advanced technology such as loT and drones for farm inputs or machinery maintenance. There is a need to
explore existing cases on technology use in farming and address issues related to maintenance, human-machine
work coordination, and new machine data. Input prices, finance options, and workforce availability are very
much dependent on the political region and thus there is a need to compare and analyze the impacts of
government policies on resource management. We next present a brief overview of the farm performance

literature.
4.4. Farm Performance

Farm performance topics mainly focus on productivity and risk management. We describe them below

and list the relevant papers in Table E1 in the E-supplement.

Productivity: Research on farm productivity has explored several factors that might influence it including
policies, social norms, and technology. Productivity in general is measured as a ratio of aggregate output to
input. In farm productivity, researchers want to understand the factors (i.e., inputs) that will impact the output

(e.g., yield and production).

Risk management: Risk in agribusiness emanates due to uncertainties in weather, the incidence of pests and
diseases, yields, government or NGO policies, prices, and other market conditions. Kahan (2008) classifies
agribusiness risk into the following five categories: (1) production, due to uncertainty of factors that affect the
guantity and quality of farm produce; (2) marketing, driven by the variability and uncertainty of prices; (3)
financial, stemming from risks associated with borrowing money to finance the farm business; (4) human, caused
by illness and other personal situations impacting labor availability; and (5) institutional, caused by
unpredictable changes in governmental policies. Risk management strategies include spare parts management
for farm machinery to minimize the risk of delays during breakdowns, working with labor agencies to ensure
uninterrupted supply of labor, insurance to cover the financial risk, and forming cooperatives to cover the

uncertainty of government policy affecting farming, such as price support and subsidies (i.e., institutional risk).

The farming cycle is limited, and delays in insurance claim payments can often prevent a farmer’s
prospects for the next farming cycle. Usually, insurance organizations manage to dispute yield loss data sent by
states. Various processes related to the insurance systems or governmental platforms that handle the jobs are

manual, leading to backlogs and delays in claim processing and payments (Baskaran and Maher 2021). This

22



problem creates an opportunity for researchers to use artificial intelligence and machine learning to further
support the processes related to current crop insurance systems, both avoiding claim delays and lessening the
timeline in claim reimbursements. Lin et al. (2020) shed light on how one can use ML and Al to help process
claims and make the insurance business efficient in the agriculture business. Further, researchers may use the
data on an aggregate level (i.e., farm co-ops) to analyze how a new policy by the local government can help
farmers receive the required financial support to develop their farms and keep their operations going. For
example, through the Farm Service Agency, the United States Department of Agriculture provides microloans
to farmers serving regional food markets for small-scale and diversified operations (USDA 2017). Most of the
farm decisions are made based on the information available at a village level. Agricultural productivity depends
a lot on the social fabric of the villages as it will determine the workforce availability, input prices, area under
production, and crop variety sowed. There is a need to explore how this social fabric of the village can be
improved to achieve higher productivity and economic benefits (Serra and Poli, 2015). Productivity also heavily
depends on the climate conditions, and thus a change in climate to higher temperatures or frequent extreme
weather conditions can have a major impact on productivity. There is a need to investigate the impact of possible
climate change scenarios on food production and food security (Zhan et al., 2020). We next focus on emerging

themes and opportunities for future research.
5. Emerging Opportunities for Future Research and Conclusion

Overall, we recognize that increased digital connectivity and adoption of emerging technologies will
create data-rich environments for facilitating future OM research on farm operations. At the end of each sub-
section in Sections 3 and 4, we identify some specific opportunities for future research based on identifying gaps
in the literature. In this section, we identify and discuss emergent themes for future research that have not been
hitherto addressed as well in the extant literature. We hone in on specific questions, issues, and opportunities for
research in the following four domains: Operational Efficiency, Emerging Technologies and IT Platforms,
Policy Development and Interventions, and Farmers’” Welfare and Support Functions. In particular, it is
important to understand how to facilitate the adoption of precision agriculture, 10T, and blockchain to create a
data-rich environment with opportunities for targeted intervention for farming. Future research needs to address

whether, when, and how small and marginal farmers can also benefit from these technologies.

We summarize specific opportunities for future research in Table 2. In the following subsections, we

further elaborate and expand our discussion on these issues.

Table 2: Major Future Research Opportunities

Predictive Analytics
Research Theme Archival and Field-based Empirical
Research

Prescriptive Analytics
Economic Model-based Research

23




Operational Efficiency

Permeation of Big Data and
Emerging Technologies in
Improving Operational Efficiency

Assess the impact of crop rotation, crop
mix, and land use decisions on soil
health, crop yield, and farmer welfare

Develop economic models for crop mix, crop rotation,
land use, and harvest scheduling that leverage the
estimation of key parameters related to soil and crop
characteristics to improve crop yield and resiliency,
using granular data generated by emerging
technologies (e.g., data from sensors, drones, and
satellite images)

Emerging Technologies and IT
Platforms

Blockchain, Big Data, Drones,
loT, and Al/ML

Use AI/ML techniques to understand the
drivers and enablers of farmer
participation in agri-platforms and assess
their impact on farmer welfare

Study the drivers, enablers, and barriers
for farmers’ adoption of blockchains and
precision agriculture, and their ensuing
impact on farmer welfare

Develop targeted incentive mechanisms for farmer
participation in agri-platforms and adoption of
precision agriculture and blockchains based on farmer-
type (i.e., marginal, small, and large), soil, crop, and
market characteristics, and government subsidies

Policy Development &
Interventions

Transparency, Accountability,
and Sustainability

Assess how transparency via
blockchains can influence the
accountability for government
interventions for sustainability and
farmer welfare

Develop government intervention mechanisms for
effective adoption of precision agriculture and
blockchains

Develop mechanisms for guiding public policy to
incentivize farmers to make suitable crop rotation and
mix decisions to counteract challenges of climate
change and any geo-political conflicts

Farmers’ Welfare and Support
Functions

Insurance, Finance, and Human
Resources

Predict yield for crops at farm level and
evaluate the impact of customized
financing schemes, and insurance
schemes that ensure timely damage
verification using granular data
generated by emerging technologies on
farmer welfare

Develop customized financing and insurance scheme
for farmers that are specific to crop mix, prevalent soil
and weather conditions, risk of damage from inclement
weather, and yield

Develop risk mitigation strategies related to the
management of farm labor (e.g., accidents, illness, and
death of personnel which can disrupt farm
performance)

5.1. Operational Efficiency

An important theme emerges for future research as one is faced with the adoption of precision agriculture

or lack thereof in operations of small, medium, and large farms in underdeveloped, developing, and developed

countries. How can one estimate key parameters and predict outcomes to economically justify and facilitate the

judicious adoption of precision agriculture and increase permeation of technologies for creating data-rich

environments equitably to offer targeted guidance for pre-farming decisions and farm operations to influence

the metrics of efficiency, effectiveness, resilience, and sustainability, among others? Predictive and prescriptive

analytics for facilitating pre-farming and farming decisions will increasingly continue to be of importance
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because they can influence the quality, quantity, and cost of the farm produce. The emerging technologies
provide opportunities to collect farm data at a more granular level and in a timely manner that will help in
offering more targeted guidance to farmers. OM researchers can focus on developing dynamic prescriptive
models that leverage the improved ability to estimate or predict rainfall, temperature, humidity, soil health, crop
growth, fruit maturity, crop quality, pest infestation, crop yield, demand, and market price for crops/produce in
a timely manner. Researchers can analyze historical data on sowing patterns, associated weather data, and crop
yields to offer guidance to farmers to decide which crop variety and sowing pattern would result in optimal yield.
Scholars can assess the impact of crop rotation, crop mix, and land use decisions on soil health, crop yield, and
farmer welfare. They can develop economic models for crop mix, crop rotation, land use, and harvest scheduling
that leverage the estimation of key parameters related to soil and crop characteristics, using granular data
generated by emerging technologies (e.g., data from sensors, drones, and satellite images). For example, they
can develop models to offer dynamic guidance for harvesting based on smart sensing of crop maturity.

5.2. Emerging Technologies and IT Platforms

The advent of precision agriculture technology, 5G telecommunication networks, and IT platforms are
expected to facilitate interactions between stakeholders in farming in a dynamic manner. The telecom revolution
has reached remote locations, providing an Internet connection to rural farmers over mobile devices. The new
technological developments impacting farmers and farm operations include but are not limited to blockchain,
big data, drones, 10T, and AI/ML. Using blockchain in conjunction with 10T can enhance transparency in
agribusiness (see for example Mondal et al. 2019).

OM Researchers can use AI/ML techniques to understand the drivers and enablers of farmer
participation in agri-platforms and assess their impact on farmer welfare. Researchers can study the drivers,
enablers, and barriers related to farmers’ adoption of blockchains and precision agriculture, as well as their
ensuing impact on farmer welfare. OM researchers should develop incentive mechanisms for farmer
participation in agri-platforms and adoption of precision agriculture and blockchains based on farmer type (i.e.,

marginal, small, and large farmers); soil, crop, and market characteristics; and government subsidies.

Researchers can focus on how timely visibility of pricing and other market information, facilitated by
increased network connectivity via the use of mobile devices in conjunction with IT platforms, and social media
can provide even small and marginal farmers with fair and equitable prices. Scholars can investigate how the
increased availability of big data can facilitate cooperation, coordination, group decision making, and bargaining

for farmers in a dynamic environment.
5.3. Policy Development and Interventions

Government policies need to facilitate farm productivity to address not only how to feed the growing
population but also how to cater to the changing demand. OM researchers need to recognize the changing global

trends in demand and supply for both staple and specialty crops. Scholars need to recognize any overdependence
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on regions that risks the resiliency of their supply (e.g., disruptions on account of geo-political differences and
disputes). They need to understand its implications for crop planning, crop rotation, and farm productivity at
regional and national levels to ensure food security in an environment that depends on global trade while meeting
the needs at national, regional, and local levels. Research on understanding these implications is clearly
intertwined with issues such as public policy, land use, irrigation, technology, risk management, and
sustainability, among others.

It is important for OM researchers to address many key questions for policy development in a rigorous
manner. These questions include but are not limited to: a) what is the impact of government policies on
economic, social, and environmental goals for agribusiness? b) how can government policies facilitate the
participation of farmers in agribusiness platforms and adoption of emerging technologies (e.g., precision
agriculture and blockchains)? ¢) how can increased transparency from blockchain technology be used to enable
sustainability in farm operations? d) what is the impact of increased transparency on the sustenance of small and
marginal farmers? and e) to what extent, and how, does big data analytics in conjunction with transparency
improve the accountability of government agencies for enhancing productivity in the agriculture sector?

Researchers can leverage the availability of big data to develop guidance for governments to develop
agricultural policies in a more targeted manner, based on geographical region, size of farms, and type of crop,
among others. The increased focus on sustainability and resilience in agriculture, along with the advent of big
data, access to e-marketplaces, transparency, and traceability, provides new opportunities for understanding the
implications of government interventions for improving the welfare of farmers. Researchers may use the data
on an aggregate level (i.e., farm co-ops) to analyze how a new policy by the local government can help farmers

receive the required financial support to develop their farms and keep their operations going.
5.4. Farmers’ Welfare and Support Functions

Farmers’ welfare is becoming an important concern (Chintapalli and Tang 2021, Tang et al. 2016,
Boyabatli et al. 2022). We identify the following important functions that support farmers and add to their

welfare, namely, insurance, finance, and human risk management at farms.

Researchers can focus on issues and opportunities related to tailored design and management of farm
insurance and finance schemes based on analytics using granular data at the farm level. Based on a recent report
by the Global Partnership for Financial Inclusion (GPFI), an inclusive platform for all G20 countries on financial
plans and programs, there is a lack of research and use of data on agricultural insurance (GPFI 2015). Usually,
insurance organizations manage to dispute yield loss data sent by states. High administrative costs for claims
verification lead to more expensive premiums, and insurance requires farmers' certification to reduce false
claims, resulting in delayed payouts and low customer satisfaction. Researchers can utilize data collected from
drones/unmanned aerial vehicles, which supply high-definition (HD) imagery of soil and crop status and

presence of pests (Tran 2018). This helps to expedite the process of evaluating damages and loss. This also can
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prevent fraud by verifying that the crop was planted on the farm where the farmer has submitted a claim.
Researchers can also take weather and soil quality data over time using the planted sensors in the field to enable

insurers to underwrite risk and accurately price the insurance product.

Another application of data analytics and AI/ML in agribusiness and insurance is crop-cutting
experiments. Crop-cutting experiment is a procedure for determining the crop yield for an area. Crop insurance
standards need multiple crop-cutting experiments at every location/farm, leading to millions of experiments
across a country to estimate yields. Deep learning (image analytics) can help decrease the requisite number of
crop-cutting experiments and facilitate quick claim settlements. Thus, farm research can support agribusiness
insurance to provide accurate and timely data required for claims settlement, reduce administrative delays, and
minimize false claims. Research is needed for analyzing crop data during adverse periods of drought, floods,
fire, or pest infestation, in near real time, to help the insurance companies provide fair and timely compensation

to the farmers.

In regard to farm finance, lenders see an increased risk of lending to a new farmer, and they are also less
familiar with small, diversified farming operations. Hence, they prefer to collect data at the farm level to learn
more about the associated risks, prior to lending (Song 2021). Financial institutions and lenders are also not as
comfortable with uncertain and seasonal cash flows, which vary from crop to crop and cycle to cycle, depending
on the weather and other agricultural risks. These fluctuations and uncertainty can be discouraging for traditional
lenders and financial organizations, in turn limiting funding for marginal farmers or subjecting them to
considerably higher lending rates. To deal with this uncertainty, lenders prefer to restrict their lending portfolio
to fewer crops, collect data, and understand better these crop cycles and the factors that influence them. Going
forward, lenders can leverage big data and analytics to identify and approach these risks better for a wider variety

of crops and also for small and diversified farms.

Researchers can help lenders identify and evaluate the risk factors and prescribe how farmers can
effectively mitigate seasonal risks to increase productivity and market value. It can also enable lenders to better
understand the risks and benefits associated with crop planning, crop rotation, and land use and facilitate farmers’

decision-making to mitigate the risk associated with crop cycles.

Lastly, there is also a paucity of research in the OM journals on institutional and human risk management
in farming. Researchers need to investigate risk mitigation strategies related to the management of labor and
human resources (e.g., accidents, illness, and death of personnel, which can disrupt farm performance) and
institutional risk (e.g., food quality regulations for exporting crops and the level of price or income support
payments).

In the end, we want to re-emphasize that agribusiness research undertaken by OM researchers should
support Sustainable Development Goal 2 of the Food and Agriculture Organization of the United Nations. The

excerpt of this goal also stated at the outset in the introduction is: “End hunger, achieve food security and
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improved nutrition and promote sustainable agriculture....... These worrying trends coincide with the
diminishing availability of land; increasing soil and biodiversity degradation; and more frequent and severe
weather events. The impact of climate change on agriculture compounds the situation.” Given the daunting
challenge, the agribusiness sector will also benefit greatly from a multidisciplinary research approach that
includes OM researchers, agricultural scientists, experts in finance and insurance, and information technology.
Gaining access to requisite data will also require collaboration between universities, governments, NGOs,
farmers, and IT platform providers, among others. The focus of this paper is on the upstream operations of the
agribusiness supply chain. We suggest that similar review papers should be undertaken on the downstream end
of the agribusiness supply chain.

Endnotes

1. There are 298 papers that have been included in our paper. Of these, we list 88 papers in the main
manuscript and 210 papers in the E-supplement. The 298 papers include 256 papers that we have analyzed, 17
previous survey papers, and 25 papers we have used for clarifications and future research agendas. The
research on stakeholder engagement for farming in a digital era is emerging as more data is available. Thus, to
help POM readers explore more research opportunities in this area, the authors mainly focused on 88 papers
related to stakeholder engagement for farming in a digital era in the main manuscript. Hence, the discussion on
operational efficiency in farming is shortened and mainly relegated to the appendix.

2. In India, a farmer with a bare subsistence level of income who may also work as an agricultural laborer for
cultivation of one’s own land that is no larger than 2.5 acres is termed a marginal farmer, see
https://www.rbi.org.in/scripts/BS_CircularindexDisplay.aspx?1d=4190#:~:text="Marginal%20Farmer'%20mea
ns%20a%20farmer,2%20hectares%20(5%20acres).

References

Akkaya, D., Bimpikis, K., & Lee, H. (2021). Government interventions to promote agricultural innovation.
Manufacturing & Service Operations Management, 23(2), 437-452.

Alizamir S., Iravani F., Mamani H. (2019). An analysis of price vs. revenue protection: Government subsidies
in the agriculture industry. Management Science, 65(1), 32-49.

Allen S.J., Schuster E.W. (2004). Controlling the risk for an agricultural harvest. Manufacturing and Service
Operations Management, 6(3), 225-236.

Alvarez-Miranda E., Garcia-Gonzalo J., Ulloa-Fierro F., Weintraub A., Barreiro S. (2018). A multicriteria
optimization model for sustainable forest management under climate change uncertainty: An application in
Portugal. European Journal of Operational Research, 269(1), 79-98.

Amores A.F., Contreras I. (2009). New approach for the assignment of new European agricultural subsidies
using scores from data envelopment analysis: Application to olive-growing farms in Andalusia (Spain).
European Journal of Operational Research, 193(3), 718-729.

An, J., Cho, S. H., Tang, C. S. (2015). Aggregating smallholder farmers in emerging economies. Production and
Operations Management, 24(9), 1414-1429.

Annamalai, K., & Rao, S. (2007). E-choupals and Rural Transformation. Ending Poverty In South Asia, 244.

28


https://www.rbi.org.in/scripts/BS_CircularIndexDisplay.aspx?Id=4190#:~:text='Marginal%20Farmer'%20means%20a%20farmer,2%20hectares%20(5%20acres)
https://www.rbi.org.in/scripts/BS_CircularIndexDisplay.aspx?Id=4190#:~:text='Marginal%20Farmer'%20means%20a%20farmer,2%20hectares%20(5%20acres)

Aschemann-Witzel, J., Gantriis, R. F., Fraga, P., & Perez-Cueto, F. J. (2021). Plant-based food and protein trend
from a business perspective: markets, consumers, and the challenges and opportunities in the future. Critical
Reviews in Food Science and Nutrition, 61(18), 3119-3128.

Assa, H., Sharifi, H., Lyons, A. (2021). An examination of the role of price insurance products in stimulating
investment in agriculture supply chains for sustained productivity. European Journal of Operational
Research, 288(3), 918-934.

Aubert B.A., Schroeder A., Grimaudo J. (2012). IT as enabler of sustainable farming: An empirical analysis of
farmers' adoption decision of precision agriculture technology. Decision Support Systems, 54(1), 510-520.

Ayouba K., Boussemart J.-P., Lefer H.-B., Leleu H., Parvulescu R. (2019). A measure of price advantage and
its decomposition into output- and input-specific effects. European Journal of Operational Research, 276(2),
688-698.

Ayvaz-Cavdaroglu, N., Kazaz, B., & Webster, S. (2021). Incentivizing Farmers to Invest in Quality through
Quality-Based Payment. Production and Operations Management, 30(10), 3812-3830.

Bacon, C. M., Getz, C., Kraus, S., Montenegro, M., & Holland, K. (2012). The social dimensions of
sustainability and change in diversified farming systems. Ecology and Society, 17(4).

BaleZentis T., Blancard S., Shen Z., Streimikiené D. (2020). Analysis of Environmental Total Factor
Productivity Evolution in the European Agricultural Sector. Decision Sciences, (1).

Balk B.M., Barbero J., Zofio J.L. (2020). A toolbox for calculating and decomposing Total Factor Productivity
indices. Computers and Operations Research, 115(1).

Balm L.R. (1980). LP applications in Scottish agriculture. Journal of the Operational Research Society, 31(5),
387-392.

Baskaran, G., & Mabher, B. (2021). Agricultural insurance: The antidote to many economic illnesses. Brookings.
https://www.brookings.edu/blog/future-development/2021/05/26/  agricultural-insurance-the-antidote-to-
many-economic-illnesses/

Basso, B., & Antle, J. (2020). Digital agriculture to design sustainable agricultural systems. Nature
Sustainability, 3(4), 254-256.

Baum K., Richardson J., Schertz L. (1984). A stochastic recursive interactive programming model for farm firm
policy analysis. Computers and Operations Research, 11(2), 199-222.

Bokusheva R., Kumbhakar S.C., Lehmann B. (2012). The effect of environmental regulations on Swiss farm
productivity. International Journal of Production Economics, 136(1), 93-101.

Bosworth, R. (2016) NZ on road to becoming the Detroit of agriculture.
https://www.stuff.co.nz/business/farming/agribusiness/87029510/nz-on-road-to-becoming-the-detroit-of-
agriculture.

Boyabatli, O., Kazaz, B., & Tang, C. S. (Eds.). (2021). Agricultural Supply Chain Management Research:
Operations and Analytics in Planting, Selling, and Government Interventions (Vol. 12). Springer Nature.

Burer, S., Jones, P. C., & Lowe, T. J. (2008). Coordinating the supply chain in the agricultural seed industry.
European Journal of Operational Research, 185(1), 354-377.

Butterworth K. (1985). Practical application of linear/integer programming in agriculture. Journal of the
Operational Research Society, 36(2), 99-107.

Cabrini S.M., Stark B.G., Onal H., Irwin S.H., Good D.L., Martines-Filho J. (2004). Efficiency analysis of
agricultural market advisory services: A nonlinear mixed-integer programming approach. Manufacturing
and Service Operations Management, 6(3), 237-252.

29



Carvajal R., Constantino M., Goycoolea M., Pablo Vielma J., Weintraub A. (2013). Imposing connectivity
constraints in forest planning models. Operations Research, 61(4), 824-836.

Castellano R., Cerqueti R., Rotundo G. (2020). Exploring the financial risk of a temperature index: a fractional
integrated approach. Annals of Operations Research, 284(1), 225-242.

Constantino M., Martins I. (2018). Branch-and-cut for the forest harvest scheduling subject to clearcut and core
area constraints. European Journal of Operational Research, 265(2), 723-734.

Chen, J., & Chen, Y. J. (2021). The impact of contract farming on agricultural product supply in developing
economies. Production and Operations Management, 30(8), 2395-2419.

Chen Y.-J., George S.J., Max S.Z.-J. (2013). Training, production, and channel separation in ITC's e-Choupal
network. Production and Operations Management, 22(2), 348-364.

Chen Y.-J., Shanthikumar J.G., Shen Z.-J.M. (2015). Incentive for Peer-to-Peer Knowledge Sharing among
Farmers in Developing Economies. Production and Operations Management, 24(9), 1430-1440.

Chen Y.-J., Tang C.S. (2015). The Economic Value of Market Information for Farmers in Developing
Economies. Production and Operations Management, 24(9), 1441-1452.

Cherchye L., Van Puyenbroeck T. (2007). Profit efficiency analysis under limited information with an
application to German farm types. Omega, 35(3), 335-349.

Chintapalli, P., & Tang, C. S. (2021a). The value and cost of crop minimum support price: Farmer and consumer
welfare and implementation cost. Management Science, 67(11), 6839-6861.

Chintapalli, P., & Tang, C. S. (2021b). Crop minimum support price versus cost subsidy: farmer and consumer
welfare. Production and Operations Management.

Coble, K., Griffin, T., Ahearn, M., Ferrell, S., McFadden, J., Sonka, S., & Fulton, J. (2016). Advancing US
agricultural competitiveness with big data and agricultural economic market information, analysis, and
research (No. 643-2016-44464).

Colin E.C. (2009). Mathematical programming accelerates implementation of agro-industrial sugarcane
complex. European Journal of Operational Research, 199(1), 232-235.

Cong R.-G., Termansen M., Brady M.V. (2017). Managing soil natural capital: a prudent strategy for adapting
to future risks. Annals of Operations Research, 255(43832), 439-463.

da Silva e Souza G., Gomes E.G., de Andrade Alves E.R. (2020). Two-part fractional regression model with
conditional FDH responses: an application to Brazilian agriculture. Annals of Operations Research, (1).

Dalsgaard, J. P. T., Lightfoot, C., & Christensen, V. (1995). Towards quantification of ecological sustainability
in farming systems analysis. Ecological engineering, 4(3), 181-189.

Darnhofer, 1., Bellon, S., Dedieu, B., & Milestad, R. (2010). Adaptiveness to enhance the sustainability of
farming systems. A review. Agronomy for sustainable development, 30(3), 545-555.

De Buck A.J., Hendrix E.M.T., Schoorlemmer H.B. (1999). Analysing production and environmental risks in
arable farming systems: a mathematical approach. European Journal of Operational Research, 119(2), 416-
426.

De Clercq, M., Vats, A., & Biel, A. (2018). Agriculture 4.0: The future of farming technology. Proceedings of
the World Government Summit, Dubai, UAE, 11-13.

Deininger, K., Ali, D. A., Kussul, N., Lavreniuk, M., & Nivievskyi, O. (2020). Using Machine Learning to
Assess Yield Impacts of Crop Rotation.

30



DeVuyst E., Wilson W.W., Dahl B. (2009). Longer-term forecasting and risks in spatial optimization models:
The world grain trade. Transportation Research Part E, 45(3), 472-485.

Dimara E., Pantzios C.J., Skuras D., Tsekouras K. (2005). The impacts of regulated notions of quality on farm
efficiency: A DEA application. European Journal of Operational Research, 161(2), 416-431.

dos Santos L.M.R., Costa A.M., Arenales M.N., Santos R.H.S. (2010). Sustainable vegetable crop supply
problem. European Journal of Operational Research, 204(3), 639-647.

Dutta P., Choi T.-M., Somani S., Butala R. (2020). Blockchain technology in supply chain operations:
Applications, challenges and research opportunities. Transportation Research Part E, 142(1).

Duvemo K., Lamas T., Eriksson L.O., Wikstrom P. (2014). Introducing cost-plus-loss analysis into a hierarchical
forestry planning environment. Annals of Operations Research, 219(1), 415-431.

Eben-Chaime M., Bechar A., Baron A. (2011). Economical evaluation of greenhouse layout design. International
Journal of Production Economics, 134(1), 246-254.

Elfkih S., Feijoo M.L., Romero C. (2009). Agricultural sustainable management: A normative approach based
on goal programming. Journal of the Operational Research Society, 60(4), 534-543.

Escallon-Barrios M., Castillo-Gomez D., Leal J., Montenegro C., Medaglia A.L. (2020). Improving harvesting
operations in an oil palm plantation. Annals of Operations Research, (1).

Federgruen A., Lall U., Serdar Simsek A. (2019). Supply chain analysis of contract farming. Manufacturing and
Service Operations Management, 21(2), 361-378.

Feldman Richard M., Curry Guy L. (1982). Operations research for agricultural pest management.. Operations
Research, 30(4), 601-618.

Fokkens B., Puylaert M. (1981). A linear programming model for daily harvesting operations at the large-scale
grain farm of the ijsselmeerpolders development authority. Journal of the Operational Research Society,
32(7), 535-547.

Garcia-Alonso C.R., Torres-Jiménez M., Hervas-Martinez C. (2010). Income prediction in the agrarian sector
using product unit neural networks. European Journal of Operational Research, 204(2), 355-365.

Ge H., Goetz S., Gomez M., Gray R., Nolan J. (2019). Modelling testing mechanism for mitigating genetically
modified wheat contamination risks. International Journal of Production Research, 57(2), 582-598.

Georganta Z. (1997). The effect of a free market price mechanism on total factor productivity: The case of the
agricultural crop industry in Greece. International Journal of Production Economics, 52(43832), 55-71.

GPFI (2015), Synthesis Report: NEW TRENDS IN AGRICULTURAL FINANCE. G20 Global Partnership for
Financial Inclusion. https://www.gpfi.org/
Glen John J. (1987). Mathematical Models In Farm Planning: A Survey. Operations Research, 35(5), 641-666.

Gomes E.G., Soares de Mello J.C.C.B., E Souza G.D.S., Angulo Meza L., Mangabeira J.A.D.C. (2009).
Efficiency and sustainability assessment for a group of farmers in the Brazilian Amazon. Annals of
Operations Research, 169(1), 167-181.

GoOmez-Limén J.A., Arriaza M., Riesgo L. (2003). An MCDM analysis of agricultural risk aversion. European
Journal of Operational Research, 151(3), 569-585.

GoOmez-Lagos J.E., Gonzélez-Araya M.C., Soto-Silva W.E., Rivera-Moraga M.M. (2020). Optimizing tactical
harvest planning for multiple fruit orchards using a metaheuristic modeling approach. European Journal of
Operational Research, (1).

31



Guda, H., Dawande, M., Janakiraman, G., & Rajapakshe, T. (2021). An economic analysis of agricultural
support prices in developing economies. Production and Operations Management, 30(9), 3036-3053.

Gupta S., Dawande M., Janakiraman G., Sarkar A. (2017). Distressed Selling by Farmers: Model, Analysis, and
Use in Policy-Making. Production and Operations Management, 26(10), 1803-1818.

Gupta, S., Starr, M. K., Farahani, R. Z., & Matinrad, N. (2016). Disaster management from a POM perspective:
Mapping a new domain. Production and Operations Management, 25(10), 1611-1637.

Hayashi K. (2000). Multicriteria analysis for agricultural resource management: A critical survey and future
perspectives. European Journal of Operational Research, 122(2), 486-500.

Heikkinen T., Pietola K. (2009). Investment and the dynamic cost of income uncertainty: The case of
diminishing expectations in agriculture. European Journal of Operational Research, 192(2), 634-646.

He Q.-C., Chen Y.-J., Shen Z.-J. (2018). On the Formation of Producers’ Information-Sharing Coalitions.
Production and Operations Management, 27(5), 917-927.

Higgins A.J., Miller C.J., Archer A.A., Ton T., Fletcher C.S., McAllister R.R.J. (2010). Challenges of operations
research practice in agricultural value chains. Journal of the Operational Research Society, 61(6), 964-973.

Hosseini-Motlagh S.-M., Johari M., Zirakpourdehkordi R. (2020). Grain production management to reduce
global warming potential under financial constraints and time value of money using evolutionary game
theory. International Journal of Production Research, (1).

Hu M., Liu Y., Wang W. (2019). Socially beneficial rationality: The value of strategic farmers, social
entrepreneurs, and for-profit firms in crop planting decisions. Management Science, 65(8), 3654-3672.

Jana R.K., Sharma D.K., Chakraborty B. (2016). A hybrid probabilistic fuzzy goal programming approach for
agricultural decision-making. International Journal of Production Economics, 173(1), 134-141.

Jiang, Z. Z., He, N., & Huang, S. (2021). Contracting with asymmetric information under government subsidy
programmes in a bioenergy supply chain. International Journal of Production Research, 1-24.

Kahan, D. (2008). Managing risk in farming. Food and agriculture organization of the United Nations.

Kavats, O., Khramov, D., Sergieieva, K., & Vasyliev, V. (2020). Monitoring of Sugarcane Harvest in Brazil
Based on Optical and SAR Data. Remote Sensing, 12(24), 4080.

Kaygusuz, K. (2010). Sustainable energy, environmental and agricultural policies in Turkey. Energy Conversion
and Management, 51(5), 1075-1084.

Kerstens K., Shen Z., Van de Woestyne 1. (2018). Comparing Luenberger and Luenberger-Hicks-Moorsteen
productivity indicators: How well is total factor productivity approximated?. International Journal of
Production Economics, 195(1), 311-318.

Klocker, N., Dun, O., Head, L., & Gopal, A. (2020). Exploring migrants’ knowledge and skill in seasonal farm
work: more than labouring bodies. Agriculture and Human Values, 37(2), 463-478.

Kurkalova L.A., Carter L. (2017). Sustainable production: Using simulation modeling to identify the benefits of
green information systems. Decision Support Systems, 96(1), 83-91.

Liao C.-N., Chen Y.-J,, Tang C.S. (2019). Information provision policies for improving farmer welfare in
developing countries: Heterogeneous farmers and market selection. Manufacturing and Service Operations
Management, 21(2), 254-270.

Liao C.-N., Chen Y.-J. (2017). Farmers' Information Management in Developing Countries—A Highly
Asymmetric Information Structure. Production and Operations Management, 26(6), 1207-1220.

32



Lien G., Hardaker J.B., van Asseldonk M.A.P.M., Richardson J.W. (2011). Risk programming analysis with
imperfect information. Annals of Operations Research, 190(1), 311-323.

Lien G., Kumbhakar S.C., Alem H. (2018). Endogeneity, heterogeneity, and determinants of inefficiency in
Norwegian crop-producing farms. International Journal of Production Economics, 201(1), 53-61.

Lien G., Stgrdal S., Hardaker J.B., Asheim L.J. (2007). Risk aversion and optimal forest replanting: A stochastic
efficiency study. European Journal of Operational Research, 181(3), 1584-1592.

Lin, L., Qiu, H., & Liu, J. (2020) The Application of Artificial Intelligence in the Financial Field: Taking
Insurance as an Example.

Longo, F., Nicoletti, L., & Padovano, A. (2020). Estimating the impact of blockchain adoption in the food
processing industry and supply chain. International Journal of Food Engineering, 16(5-6).

Lowe, T. J., Preckel, P. V. (2004). Decision technologies for agribusiness problems: A brief review of selected
literature and a call for research. Manufacturing & Service Operations Management, 6(3), 201-208.

Martins F.S., Lucato W.C. (2018). Structural production factors’ impact on the financial performance of
agribusiness cooperatives in Brazil. International Journal of Operations and Production Management, 38(3),
606-635.

Mayer D.G., Belward J.A., Burrage K. (1998). Optimizing simulation models of agricultural systems. Annals of
Operations Research, 82(1), 219-231.

Meshram, V., Patil, K., Meshram, V., Hanchate, D., & Ramkteke, S. D. (2021). Machine learning in agriculture
domain: a state-of-art survey. Artificial Intelligence in the Life Sciences, 1, 100010.

Minviel J.J., De Witte K. (2017). The influence of public subsidies on farm technical efficiency: A robust
conditional nonparametric approach. European Journal of Operational Research, 259(3), 1112-1120.

Mondal, S.; Wijewardena, K.P.; Karuppuswami, S.; Kriti, N.; Kumar, D.; Chahal, P. (2019) Blockchain Inspired
RFID-Based InformationArchitecture for Food Supply Chain.IEEE Internet Things,6, 5803-5813.

Montazemi M., Wright D.J. (1982). Mathematical programming in subsistence agriculture. European Journal of
Operational Research, 10(4), 346-350.

Mosquera J., Henig M.I., Weintraub A. (2011). Design of insurance contracts using stochastic programming in
forestry planning. Annals of Operations Research, 190(1), 117-130.

Nagendra N.P., Narayanamurthy G., Moser R. (2020). Satellite big data analytics for ethical decision making in
farmer’s insurance claim settlement: minimization of type-l and type-Il errors. Annals of Operations
Research, (1).

Nettle, R., Brightling, P., & Williamson, J. (2010). Building capacity in collective action: learning from dairy
industry workforce planning and action in Australia. In Building Sustainable Rural Futures: The Added
Value of Systems Approaches. Proceedings of the 9th European International Farming Systems Association
Symposium. Vienna: Universitét fir Bodenkultur (pp. 207-217).

Niu B., Jin D., Pu X. (2016). Coordination of channel members’ efforts and utilities in contract farming
operations. European Journal of Operational Research, 255(3), 869-883.

Odeck J. (2009). Statistical precision of DEA and Malmquist indices: A bootstrap application to Norwegian
grain producers. Omega, 37(5), 1007-1017.

Olsen T.L., Tomlin B. (2020). Industry 4.0: Opportunities and challenges for operations management.
Manufacturing and Service Operations Management, 22(1), 113-122.

33



Onal H., Darmawan D.H., Johnson Il S.H. (1995). A multilevel analysis of agricultural credit distribution in
East Java, Indonesia. Computers and Operations Research, 22(2), 227-236.

Onal H. (1988). A price endogenous analysis of agricultural intervention policies: The case of Turkey. European
Journal of Operational Research, 33(2), 149-158.

Owsinski J.W., Romanowicz T. (1985). Sensitivity analysis of an agricultural linear programming model.
European Journal of Operational Research, 22(3), 370-376.

Palsule-Desai O.D. (2015). Cooperatives for fruits and vegetables in emerging countries: Rationalization and
impact of decentralization. Transportation Research Part E, 81(1), 114-140.

Parker C., Ramdas K., Savva N. (2016). Is it enough? evidence from a natural experiment in India's agriculture
markets. Management Science, 62(9), 2481-2503.

Petridis N.E., Digkas G., Anastasakis L. (2020). Factors affecting innovation and imitation of ICT in the agrifood
sector. Annals of Operations Research, 294(43832), 501-514.

Picazo-Tadeo A.J., Beltran-Esteve M., Gomez-Limon J.A. (2012). Assessing eco-efficiency with directional
distance functions. European Journal of Operational Research, 220(3), 798-809.

Poortinga, A., Aekakkararungroj, A., Kityuttachai, K., Nguyen, Q., Bhandari, B., Soe Thwal, N., ... & Saah, D.
(2020). Predictive analytics for identifying land cover change hotspots in the mekong region. Remote
Sensing, 12(9), 1472.

Pranto, T. H., Noman, A. A., Mahmud, A., & Haque, A. B. (2021). Blockchain and smart contract for loT
enabled smart agriculture. PeerJ Computer Science, 7, e407.

Prasad K.N., Banouei A.A., Achuthan C.V., Parkar R.G. (1994). Weather and structural reforms induced
instability in agriculture and buffer stocks in India. International Journal of Production Economics,
35(43833), 53-63.

Prasad K.N., Banouei A.A., Swaminathan A.M. (1992). Weather-induced instability in agricultural produce with
respect to buffer stocks in India and Iran: an integrated optimisation and dynamic input-output model.
International Journal of Production Economics, 26(43833), 89-97.

Pratley, J. (2008). Workforce planning in agriculture: agricultural education and capacity building at the
crossroads. Farm Policy Journal, 5(3), 27-41.

Puchalsky W., Ribeiro G.T., da Veiga C.P., Freire R.Z., Santos Coelho L.D. (2018). Agribusiness time series
forecasting using Wavelet neural networks and metaheuristic optimization: An analysis of the soybean sack
price and perishable products demand. International Journal of Production Economics, 203(1), 174-189.

Qian, X. (2021). Production planning and equity investment decisions in agriculture with closed membership
cooperatives. European Journal of Operational Research, 294(2), 684-699.

Qing, Y., Chen, M., Sheng, Y., & Huang, J. (2019). Mechanization services, farm productivity and institutional
innovation in China. China Agricultural Economic Review.

Qian X., Olsen T.L. (2020). Operational and financial decisions within proportional investment cooperatives.
Manufacturing and Service Operations Management, 22(3), 545-561.

Rédulescu M., Réadulescu C.Z., Zbaganu G. (2014). A portfolio theory approach to crop planning under
environmental constraints. Annals of Operations Research, 219(1), 243-264.

Rejeb, A., Rejeb, K., Zailani, S., Keogh, J. G., & Appolloni, A. (2022). Examining the interplay between
artificial intelligence and the agri-food industry. Artificial Intelligence in Agriculture.

34



Rajput, R. and Venkataraman, S.V., (2021). A violent market price contract for agribusiness supply chain.
Annals of Operations Research, pp.1-26.

Ranga Prabodanie R.A., Raffensperger J.F., Read E.G., Milke M.W. (2014). LP models for pricing diffuse
nitrate discharge permits. Annals of Operations Research, 220(1), 87-1009.

Recio B., Rubio F., Criado J.A. (2003). A decision support system for farm planning using AgriSupport II.
Decision Support Systems, 36(2), 189-203.

Romero C. (2000). Risk programming for agricultural resource allocation: A multidimensional risk approach.
Annals of Operations Research, 94(43834), 57-68.

Ronngvist M., D’ Amours S., Weintraub A., Jofre A., Gunn E., Haight R.G., Martell D., Murray A.T., Romero
C. (2015). Operations Research challenges in forestry: 33 open problems. Annals of Operations Research,
232(1), 11-40.

Ryan M.J. (1999). Intervening duality and bargaining with a farmer-landowner example. European Journal of
Operational Research, 113(3), 688-699.

Salah, K., Rehman, M. H. U., Nizamuddin, N., & Al-Fugaha, A. (2019). Blockchain for Al: Review and open
research challenges. IEEE Access, 7, 10127-10149.

Sanjika T.M., Bezuidenhout C.N. (2016). A primary influence vertex approach to identify driving factors in
complex integrated agri-industrial systems — an example from sugarcane supply and processing systems.
International Journal of Production Research, 54(15), 4506-45109.

Santini, A., Bartolini, E., Schneider, M., & de Lemos, V. G. (2021). The crop growth planning problem in
vertical farming. European Journal of Operational Research, 294(1), 377-390.

Sargent E.D. (1980). The impact of operational research on agriculture. Journal of the Operational Research
Society, 31(6), 477-483.

Schreider S., Zeephongsekul P., Abbasi B., Fernandes M. (2013). Game theoretic approach for fertilizer
application: Looking for the propensity to cooperate. Annals of Operations Research, 206(1), 385-400.

Serra T., Chambers R.G., Oude Lansink A. (2014). Measuring technical and environmental efficiency in a state-
contingent technology. European Journal of Operational Research, 236(2), 706-717.

Serra T., Oude Lansink A. (2014). Measuring the impacts of production risk on technical efficiency: A state-
contingent conditional order-m approach. European Journal of Operational Research, 239(1), 237-242.

Serra T., Poli E. (2015). Shadow prices of social capital in rural India, a nonparametric approach. European
Journal of Operational Research, 240(3), 892-903.

Serraj, R., & Pingali, P. (Eds.). (2018). Agriculture & Food Systems to 2050: Global Trends, Challenges and
Opportunities (Vol. 2). World Scientific.

Sharma, R., Kamble, S. S., Gunasekaran, A., Kumar, V., & Kumar, A. (2020). A systematic literature review on
machine learning applications for sustainable agriculture supply chain performance. Computers &
Operations Research, 119, 104926.

Sheng, Y., Ding, J., & Huang, J. (2019). The relationship between farm size and productivity in agriculture:
Evidence from maize production in Northern China. American Journal of Agricultural Economics, 101(3),
790-806.

Shi J., Zhao Y., Kiwanuka R.B.K., Chang J. (2019). Optimal Selling Policies for Farmer Cooperatives.
Production and Operations Management, 28(12), 3060-3080.

35



Silva, J. V., Tenreiro, T. R., Spétjens, L., Anten, N. P., van Ittersum, M. K., & Reidsma, P. (2020). Can big data
explain yield variability and water productivity in intensive cropping systems?. Field Crops Research, 255,
107828.

Singbo A.G., Lansink A.O., Emvalomatis G. (2015). Estimating shadow prices and efficiency analysis of
productive inputs and pesticide use of vegetable production. European Journal of Operational Research,
245(1), 265-272.

Song, E., (2021). Financing the Farming of the Future - NextBillion. [online] Nextbillion.net. Available at:
https://nextbillion.net/financing-the-farming-of-the-future.

Spanaki, K., Sivarajah, U., Fakhimi, M., Despoudi, S., & Irani, Z. (2021). Disruptive technologies in agricultural
operations: a systematic review of Al-driven AgriTech research. Annals of Operations Research, 1-34.

Sueyoshi T., Hasebe T., Ito F., Sakai J.,, Ozawa W. (1998). DEA-bilateral performance comparison: An
application to Japan agricultural cooperatives (Nokyo). Omega, 26(2), 233-248.

Sueyoshi T. (1999). DEA non-parametric ranking test and index measurement: Slack-adjusted DEA and an
application to Japanese agriculture cooperatives. Omega, 27(3), 315-326.

Sumpsi J.M., Amador F., Romero C. (1997). On farmers' objectives: A multi-criteria approach. European
Journal of Operational Research, 96(1), 64-71.

Tang C.S., Sodhi M.S., Formentini M. (2016). An analysis of partially-guaranteed-price contracts between
farmers and agri-food companies. European Journal of Operational Research, 254(3), 1063-1073.

Tang C.S., Wang Y., Zhao M. (2015). The Implications of Utilizing Market Information and Adopting
Agricultural Advice for Farmers in Developing Economies. Production and Operations Management, 24(8),
1197-1215.

Teich J.E., Wallenius H., Kuula M., Zionts S. (1995). A decision support approach for negotiation with an
application to agricultural income policy negotiations. European Journal of Operational Research, 81(1), 76-
87.

Tran, N. (2018). Using digital tools to expand access to agricultural insurance.
https://www.usaid.gov/sites/default/files/documents/15396/Guide_to_Using_Digital_Tools to Expand_A
gricultural_Insurance.pdf.

USDA (2017), USDA Microloan Program is a Good Fit for Small Family Farms. National Sustainable
Agriculture Coalition. https://sustainableagriculture.net/.

Viaggi D., Raggi M., Gomez Y Paloma S. (2010). An integer programming dynamic farm-household model to
evaluate the impact of agricultural policy reforms on farm investment behaviour. European Journal of
Operational Research, 207(2), 1130-1139.

Wade James C., Heady Earl O. (1978). Spatial equilibrium model for evaluating alternative policies for
controlling sediment from agriculture. Management Science, 24(6), 633-644.

Wang H., Zhan S.-L., Ng C.T., Cheng T.C.E. (2020). Coordinating quality, time, and carbon emissions in
perishable food production: A new technology integrating GERT and the Bayesian approach. International
Journal of Production Economics, 225(1), -.

Weintraub A., Church R.L., Murray A.T., Guignard M. (2000). Forest management models and combinatorial
algorithms: Analysis of state of the art. Annals of Operations Research, 96(43834), 271-285.

Wishon C., Villalobos J.R., Mason N., Flores H., Lujan G. (2015). Use of MIP for planning temporary immigrant
farm labor force. International Journal of Production Economics, 170(1), 25-33.

36



Ye, F., Cai, Z., Chen, Y. J., Li, Y., & Hou, G. (2021). Subsidize farmers or bioenergy producer? The design of
a government subsidy program for a bioenergy supply chain. Naval Research Logistics (NRL), 68(8), 1082-
1097.

Yi, Z., Wang, Y., & Chen, Y. J. (2021). Financing an agricultural supply chain with a capital-constrained
smallholder farmer in developing economies. Production and Operations Management, 30(7), 2102-2121.

Zhang S., Goddard S. (2007). A software architecture and framework for Web-based distributed Decision
Support Systems. Decision Support Systems, 43(4), 1133-1150.

Zhang W., Wilhelm W.E. (2011). OR/MS decision support models for the specialty crops industry: A literature
review. Annals of Operations Research, 190(1), 131-148.

Zhang Z., Wang C., Zhao Q. (1990). Application of operations research in agriculture decision making. Annals
of Operations Research, 24(1), 299-307.

Zhan J., Zhang F., Li Z., Zhang Y., Qi W. (2020). Evaluation of food security based on DEA method: a case
study of Heihe River Basin. Annals of Operations Research, 290(43832), 697-706.

Zhang, L., Huang, Z., Liu, W., Guo, Z., & Zhang, Z. (2021). Weather Radar Echo Prediction Method Based on
Convolution Neural Network and Long Short-Term Memory Networks for Sustainable e-Agriculture.
Journal of Cleaner Production, 126776.

Zhou, J., Fan, X., Chen, Y. J., Tang, C. S. (2021). Information provision and farmer welfare in developing
economies. Manufacturing & Service Operations Management, 23(1), 230-245.

Zhou Y., Zhang J., Zeng Y. (2020). Borrowing or crowdfunding: a comparison of poverty alleviation
participation modes considering altruistic preferences. International Journal of Production Research, (1).

37



E-Supplement

Table E1: Categories of Papers for Operational Efficiency in Farming

Note: Citation for each paper listed in Table E1 is given at the end of this E-Supplement

Reference to Article

Source title

Sub-Category

Type of Data

Analysis Techniques

An et al. (2015)

Production and Operations Management

Contracting and Cooperative Farming

No Data

Game Theory

Ayvaz-Cavdaroglu et al. (2021) Production and Operations Management Contracting and Cooperative Farming Real Mathematical Programming

Burer et al. (2009) European Journal of Operational Research Contracting and Cooperative Farming No Data Game Theory

Chen and Chen (2021) Production and Operations Management Contracting and Cooperative Farming No Data Game Theory

Federgruen et al. (2019) mgg:;z(xg?g and Service Operations Contracting and Cooperative Farming No data Mathematical Programming

Hu et al. (2019) Management Science Contracting and Cooperative Farming No data Game Theory

Niu et al. (2016) European Journal of Operational Research Contracting and Cooperative Farming No data Game Theory

Palsule-Desai (2015) Transportation Research Part E Contracting and Cooperative Farming No data Game Theory

Puchalsky et al. (2018) International Journal of Production Economics Contracting and Cooperative Farming Archival Al & Machine Learning

Qian (2021) European Journal of Operational Research Contracting and Cooperative Farming Hypothetical Mathematical Programming

Rajput and Venkataraman (2021)  |Annals of Operations Research Contracting and Cooperative Farming No Data Game Theory

Ryan (1999) European Journal of Operational Research Contracting and Cooperative Farming No data Game Theory

Shi et al. (2019) Production and Operations Management Contracting and Cooperative Farming No data Mathematical Programming

Tang et al. (2016) European Journal of Operational Research Contracting and Cooperative Farming No data Game Theory

Assa et al. (2021) European Journal of Operational Research Farm Finance and Insurance No Data Game Theory

Colin (2009) European Journal of Operational Research Farm Finance and Insurance Real Mathematical Programming

da Silva et al. (2020) Annals of Operations Research Farm Finance and Insurance Archival Statistical Analysis

Heikkinen and Pietola (2009) European Journal of Operational Research Farm Finance and Insurance Real Mathematical Programming

Martins and Lucato (2018) International Journal of Operations and Production Farm Finance and Insurance Survey Statistical Analysis
Management

Qian and Olsen (2020) Manufacturmg and Service Operations Farm Finance and Insurance No data Decision Analysis

anagement

Viaggi et al. (2010) European Journal of Operational Research Farm Finance and Insurance Real Mathematical Programming

Yietal. (2021) Production and Operations Management Farm Finance and Insurance No data Mathematical Programming

Zhou et al. (2020) International Journal of Production Research Farm Finance and Insurance No data Decision Analysis

Ahumada and Villalobos (2011) International Journal of Production Economics Farm Operations - Harvesting No data Mathematical Programming




AitSahlia et al. (2011) Annals of Operations Research Farm Operations - Harvesting Real Mathematical Programming
Albornoz et al. (2021) Annals of Operations Research Farm Operations - Harvesting Real Mathematical Programming
Aliano et al. (2021) Computers and Operations Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Aliano Filho et al. (2019) Annals of Operations Research Farm Operations - Harvesting Hypothetical Meta-Heuristics
Alonso-Ayuso et al. (2011) Annals of Operations Research Farm Operations - Harvesting No data Mathematical Programming
Alonso-Ayuso et al. (2020) Computers and Operations Research Farm Operations - Harvesting Real Mathematical Programming
Alvarez-Miranda et al. (2018) European Journal of Operational Research Farm Operations - Harvesting Real Mathematical Programming
Bhattacharya (2006) Journal of the Operational Research Society Farm Operations - Harvesting Real Statistical Analysis

Bohle et al. (2010) European Journal of Operational Research Farm Operations - Harvesting Real Mathematical Programming
Bont et al. (2015) Annals of Operations Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Borges et al. (2014) European Journal of Operational Research Farm Operations - Harvesting Hypothetical Meta-Heuristics

Borodin et al. (2014) International Journal of Production Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Borodin et al. (2015) European Journal of Operational Research Farm Operations - Harvesting No data Mathematical Programming
Caixeta-Filho (2006) Journal of the Operational Research Society Farm Operations - Harvesting Real Mathematical Programming
Caro et al. (2003) Production and Operations Management Farm Operations - Harvesting Real Mathematical Programming
Carvajal et al. (2013) Operations Research Farm Operations - Harvesting Real Mathematical Programming
Castellano et al. (2020) Annals of Operations Research Farm Operations - Harvesting Archival Statistical Analysis
Chauhan et al. (2011) Annals of Operations Research Farm Operations - Harvesting Hypothetical Heuristics

Clark et al. (2000) Annals of Operations Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Cominetti and Piazza (2009) Mathematics of Operations Research Farm Operations - Harvesting No data Mathematical Programming
Constantino and Martins (2018) European Journal of Operational Research Farm Operations - Harvesting Real Mathematical Programming
Constantino et al. (2008) Operations Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Darby-Dowman et al. (2000) Journal of the Operational Research Society Farm Operations - Harvesting Real Mathematical Programming
Dems et al. (2015) Annals of Operations Research Farm Operations - Harvesting Real Mathematical Programming
Dems et al. (2017) European Journal of Operational Research Farm Operations - Harvesting Real Mathematical Programming
Devadoss and Luckstead (2010) International Journal of Production Economics Farm Operations - Harvesting Real Statistical Analysis
Duvemo et al. (2014) Annals of Operations Research Farm Operations - Harvesting Archival Simulation

Epstein et al. (1999) European Journal of Operational Research Farm Operations - Harvesting Real Mathematical Programming
Escallon-Barrios et al. (2020) Annals of Operations Research Farm Operations - Harvesting Real Heuristics

Ferrer et al. (2008) International Journal of Production Economics Farm Operations - Harvesting Hypothetical Mathematical Programming
Florentino et al. (2018) Annals of Operations Research Farm Operations - Harvesting Hypothetical Meta-Heuristics

Florentino et al. (2020) Annals of Operations Research Farm Operations - Harvesting Hypothetical Mathematical Programming

Golenko-Ginzburg et al. (1996)

International Journal of Production Economics

Farm Operations - Harvesting

Hypothetical

Mathematical Programming

Gomez et al. (2011)

Annals of Operations Research

Farm Operations - Harvesting

Real

Heuristics

GoOmez-Lagos et al. (2020)

European Journal of Operational Research

Farm Operations - Harvesting

Real

Meta-Heuristics




Haouari and Azaiez (2001) European Journal of Operational Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Hellman (1977) European Journal of Operational Research Farm Operations - Harvesting No data Mathematical Programming
Higgins and Laredo (2006) Journal of the Operational Research Society Farm Operations - Harvesting Real Mathematical Programming
Jana et al. (2016) International Journal of Production Economics Farm Operations - Harvesting Hypothetical Meta-Heuristics

Jena and Poggi (2013) European Journal of Operational Research Farm Operations - Harvesting Real Mathematical Programming
Jones and Ohlmann (2008) European Journal of Operational Research Farm Operations - Harvesting No data Mathematical Programming
Jonkman et al. (2019) European Journal of Operational Research Farm Operations - Harvesting Real Mathematical Programming
Junqgueira and Morabito (2019) International Journal of Production Economics Farm Operations - Harvesting Real Mathematical Programming
Koénny and Téth (2013) European Journal of Operational Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Lamsal et al. (2016) International Journal of Production Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Lamsal et al. (2017) Transportation Science Farm Operations - Harvesting Hypothetical Mathematical Programming
LIANG et al. (1971) Operations Research Farm Operations - Harvesting Real Mathematical Programming
Liski and Nummi (1996) International Journal of Production Economics Farm Operations - Harvesting Hypothetical Statistical Analysis

Liu (2001) Computers and Operations Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Mann et al. (2016) International Journal of Production Research Farm Operations - Harvesting Hypothetical Simulation

Neto et al. (2017) Annals of Operations Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Neto et al. (2020) European Journal of Operational Research Farm Operations - Harvesting Hypothetical Heuristics

Nureize et al. (2014) Annals of Operations Research Farm Operations - Harvesting Hypothetical Statistical Analysis

Ortufio and Vitoriano (2011) Annals of Operations Research Farm Operations - Harvesting Real Mathematical Programming
Pagnoncelli and Piazza (2017) Annals of Operations Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Petrasek et al. (2015) Annals of Operations Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Piazza and Pagnoncelli (2014) Annals of Operations Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Recio et al. (2003) Decision Support Systems Farm Operations - Harvesting Real Decision Analysis

Reeves and Haight (2000) Annals of Operations Research Farm Operations - Harvesting Archival Statistical Analysis

Sanei Bajgiran et al. (2017) International Journal of Production Research Farm Operations - Harvesting Hypothetical Mathematical Programming
Sanjika and Bezuidenhout (2016)  [International Journal of Production Research Farm Operations - Harvesting Survey Statistical Analysis
Semenzato et al. (1995) Journal of the Operational Research Society Farm Operations - Harvesting Hypothetical Simulation

Sethanan and Neungmatcha (2016) |European Journal of Operational Research Farm Operations - Irrigation Hypothetical Meta-Heuristics
SORENSEN and GILHEANY Management Science ; i ot Real Simulation

(1970) Farm Operations - Irrigation

St. John and T6th (2015) Annals of Operations Research Farm Operations - Irrigation Hypothetical Heuristics

Van Elderen (1980)

European Journal of Operational Research

Farm Operations - Irrigation

Hypothetical

Mathematical Programming

Veliz et al. (2015) Annals of Operations Research Farm Operations - Irrigation Hypothetical Heuristics
Wei and Murray (2015) Annals of Operations Research Farm Operations - Irrigation Hypothetical Heuristics
Widodo et al. (2006) European Journal of Operational Research Farm Operations - Irrigation No data Mathematical Programming




Wijngaard (1988) European Journal of Operational Research Farm Operations - Irrigation Hypothetical Heuristics

Yu and Leung (2009) International Journal of Production Economics Farm Operations - Irrigation No data Mathematical Programming
Zhang and Swaminathan (2020) m:g:;aeﬁg? g and Service Operations Farm Operations - Irrigation Archival Mathematical Programming
Zhang et al. (2011) Annals of Operations Research Farm Operations - Irrigation Hypothetical Mathematical Programming
Allen and Schuster (2004) m:ggg;aecr;l:zrr:? 9 and Service Operations Farm Operations - Irrigation Real Mathematical Programming
BalezZentis et al. (2020) Decision Sciences Farm Operations - Irrigation Archival Statistical Analysis

Balk et al. (2020) Computers and Operations Research Farm Operations - Irrigation Archival Mathematical Programming
Bokusheva et al. (2012) International Journal of Production Economics Farm Operations - Irrigation Archival Statistical Analysis

Cong et al. (2017) Annals of Operations Research Farm Operations - Irrigation No data Mathematical Programming
De Buck et al. (1999) European Journal of Operational Research Farm Operations - Irrigation Real Mathematical Programming
DeVuyst et al. (2009) Transportation Research Part E Farm Operations - Irrigation Real Statistical Analysis

Dimara et al. (2005) European Journal of Operational Research Farm Operations - Irrigation Real mathematical Programming
Ge et al. (2019) International Journal of Production Research Farm Operations - Irrigation Hypothetical Simulation

Georganta (1997) International Journal of Production Economics Farm Operations - Irrigation Hypothetical Statistical Analysis
Gomez-Limon et al. (2003) European Journal of Operational Research Farm Operations - Irrigation Real Decision Analysis

Kerstens et al. (2018) International Journal of Production Economics Farm Operations - Irrigation Archival Statistical Analysis

Lien et al. (2007) European Journal of Operational Research Farm Operations - Planting No data Mathematical Programming
Lien et al. (2011) Annals of Operations Research Farm Operations - Planting No data Simulation

Lien et al. (2018) International Journal of Production Economics Farm Operations - Planting Archival Mathematical Programming
Mosquera et al. (2011) Annals of Operations Research Farm Operations - Planting Real Decision Analysis
Nagendra et al. (2020) Annals of Operations Research Farm Operations - Planting Big Data Decision Analysis

Odeck (2009) Omega Farm Operations - Planting Archival Mathematical Programming
Prasad et al. (1992) International Journal of Production Economics Farm Operations - Planting Real Mathematical Programming
Prasad et al. (1994) International Journal of Production Economics Farm Operations - Planting Real Mathematical Programming
Romero (2000) Annals of Operations Research Farm Operations - Planting Hypothetical Decision Analysis

Santini et al. (2021) European Journal of Operational Research Farm Operations - Planting Real Mathematical Programming
Serra and Oude Lansink (2014) European Journal of Operational Research Farm Performance - Productivity Archival Statistical Analysis

Serra and Poli (2015) European Journal of Operational Research Farm Performance - Productivity Archival Mathematical Programming
Singbo et al. (2015) European Journal of Operational Research Farm Performance - Productivity Archival Mathematical Programming
Zhan et al. (2020) Annals of Operations Research Farm Performance - Productivity Archival Mathematical Programming
Akkaya et al. (2021) m:g;;aeﬁléz?g and Service Operations Farm Performance - Productivity Real Game Theory

Alizamir et al. (2019) Management Science Farm Performance - Productivity Real Game Theory

Amores and Contreras (2009) European Journal of Operational Research Farm Performance - Productivity Archival Mathematical Programming




Ayouba et al. (2019) European Journal of Operational Research Farm Performance - Productivity Archival Statistical Analysis

Baum et al. (1984) Computers and Operations Research Farm Performance - Productivity Real Mathematical Programming
Cabrini et al. (2004) m:ggg;aecr;l:zrr:? 9 and Service Operations Farm Performance - Productivity No data Mathematical Programming
Chen and Tang (2015) Production and Operations Management Farm Performance - Productivity No data Game Theory

E:gr(])%r%h e and Van Puyenbroeck Omega Farm Performance - Risk Management Real Statistical Analysis
Chintapalli and Tang (2021a) Management Science Farm Performance - Risk Management No data Game Theory

Chintapalli and Tang (2021b) Production and Operations Management Farm Performance - Risk Management No data Mathematical Programming
Garcia-Alonso et al. (2010) European Journal of Operational Research Farm Performance - Risk Management Real Statistical Analysis

Guda et al. (2021) Production and Operations Management Farm Performance - Risk Management No data Game Theory

Gupta et al. (2017) Production and Operations Management Farm Performance - Risk Management Real Mathematical Programming
He et al. (2018) Production and Operations Management Farm Performance - Risk Management No data Game Theory

Jiang et al. (2021) International Journal of Production Research Farm Performance - Risk Management No data Game Theory

Liao and Chen (2017) Production and Operations Management Farm Performance - Risk Management No data Game Theory

Liao etal. (2019) ng;;z%:? g and Service Operations Farm Performance - Risk Management No data Game Theory

Minviel and De Witte (2017) European Journal of Operational Research Farm Performance - Risk Management Archival Statistical Analysis

Onal (1988) European Journal of Operational Research Farm Performance - Risk Management Real Mathematical Programming
Onal et al. (1995) Computers and Operations Research Farm Performance - Risk Management Real Mathematical Programming
Owsinski and Romanowicz (1985) |European Journal of Operational Research Farm Performance - Risk Management Real Mathematical Programming
Serra et al. (2014) European Journal of Operational Research Farm Performance - Risk Management Archival Mathematical Programming
Sueyoshi (1999) Omega Government Policy and Interventions Real Statistical Analysis
Sueyoshi et al. (1998) Omega Government Policy and Interventions Real Mathematical Programming
Sumpsi et al. (1997) European Journal of Operational Research Government Policy and Interventions Real Decision Analysis

Tang et al. (2015) Production and Operations Management Government Policy and Interventions No data Game Theory

Teich et al. (1995) European Journal of Operational Research Government Policy and Interventions Real Decision Analysis

Wade James and Heady Earl (1978) |Management Science Government Policy and Interventions Real Mathematical Programming
Ye etal. (2021) Naval Research Logistics Government Policy and Interventions No data Game Theory

Albornoz et al. (2020) Annals of Operations Research Government Policy and Interventions Hypothetical Mathematical Programming
Alfandari et al. (2011) Annals of Operations Research Government Policy and Interventions No data Mathematical Programming

Alfandari et al. (2015)

European Journal of Operational Research

Government Policy and Interventions

Hypothetical

Mathematical Programming

Arondel and Girardin (2000)

European Journal of Operational Research

Government Policy and Interventions

Real

Decision Analysis

Boyabatli et al. (2019) Management Science Government Policy and Interventions No data Mathematical Programming
Brulard et al. (2019) International Journal of Production Research Government Policy and Interventions Real Mathematical Programming
Calija et al. (2001) Annals of Operations Research Government Policy and Interventions Real Simulation




Cervantes-Gaxiola et al. (2020) European Journal of Operational Research Government Policy and Interventions Archival Mathematical Programming
Clarke (1989) European Journal of Operational Research Government Policy and Interventions Real Mathematical Programming
Costa et al. (2014) Annals of Operations Research Government Policy and Interventions Real Mathematical Programming
(DZ%104I)|ve|ra Florentino and Pato Journal of the Operational Research Society Government Policy and Interventions Hypothetical Meta-Heuristics

dos Santos et al. (2011) Annals of Operations Research Government Policy and Interventions Real Mathematical Programming
Eto (1991) Omega Government Policy and Interventions Real Mathematical Programming
Filippi et al. (2017) Computers and Operations Research Government Policy and Interventions Real Mathematical Programming
Haneveld and Stegeman (2005) European Journal of Operational Research Government Policy and Interventions No data Mathematical Programming
Huh and Lall (2013) Production and Operations Management Government Policy and Interventions Real Mathematical Programming
Jones et al. (2001) m:g;;f#;:?g and Service Operations Government Policy and Interventions Real Mathematical Programming
Kazakgi et al. (2007) Journal of the Operational Research Society Government Policy and Interventions Real Mathematical Programming
Makowski et al. (2001) European Journal of Operational Research Government Policy and Interventions Real Mathematical Programming
Pakawanich et al. (2021) Journal of the Operational Research Society Government Policy and Interventions Hypothetical Heuristics

Radulescu et al. (2014) Annals of Operations Research Government Policy and Interventions Hypothetical Heuristics

Regis Mauri (2019) European Journal of Operational Research Government Policy and Interventions Hypothetical Mathematical Programming
Ridier et al. (2016) European Journal of Operational Research Pre-farming Decisions - Crop Mix Hypothetical Simulation

Saedt et al. (1991) European Journal of Operational Research Pre-farming Decisions - Crop Mix Real Decision Analysis

Santos et al. (2015) European Journal of Operational Research Pre-farming Decisions - Crop Mix Real Mathematical Programming
Siskos et al. (1994) European Journal of Operational Research Pre-farming Decisions - Crop Mix Real Mathematical Programming
Tan and Fong (1988) European Journal of Operational Research Pre-farming Decisions - Crop Mix Real Mathematical Programming
Whan et al. (1978) Journal of the Operational Research Society Pre-farming Decisions - Crop Mix Hypothetical Mathematical Programming
Yoshimoto and Shoji (1998) European Journal of Operational Research Pre-farming Decisions - Crop Mix Real Mathematical Programming
Znidarsic et al. (2008) European Journal of Operational Research Pre-farming Decisions - Crop Mix No data Decision Analysis

Agrell et al. (2004) European Journal of Operational Research Pre-farming Decisions - Crop Mix Real Decision Analysis
Ahumada and Villalobos (2011) Annals of Operations Research Pre-farming Decisions - Crop Mix Real Mathematical Programming
Almifiana et al. (2008) I1E Transactions (Institute of Industrial Engineers) [Pre-farming Decisions - Crop Mix Real Mathematical Programming
Almifiana et al. (2010) Omega Pre-farming Decisions - Crop Mix Real Decision Analysis

Annetts and Audsley (2002) Journal of the Operational Research Society Pre-farming Decisions - Crop Mix Real Mathematical Programming
Ata et al. (2019) Operations Research Pre-farming Decisions - Crop Mix Real Mathematical Programming
Azaiez (2002) European Journal of Operational Research Pre-farming Decisions - Crop Mix Hypothetical Decision Analysis

Azaiez and Hariga (2001)

European Journal of Operational Research

Pre-farming Decisions - Crop Rotation

Hypothetical

Mathematical Programming

Barreteau and Bousquet (2000)

Annals of Operations Research

Pre-farming Decisions - Crop Rotation

Real

Mathematical Programming

Benhamou et al. (2020)

International Journal of Production Economics

Pre-farming Decisions - Crop Rotation

No data

Mathematical Programming




Biswas and Pal (2005) Omega Pre-farming Decisions - Crop Rotation Real Mathematical Programming
(Bllggg;hof-Ruwaard and Hendrix European Journal of Operational Research Pre-farming Decisions - Crop Rotation Hypothetical Mathematical Programming
Bochtis et al. (2012) Decision Support Systems Pre-farming Decisions - Crop Rotation Hypothetical Mathematical Programming
Bravo and Gonzalez (2009) European Journal of Operational Research Pre-farming Decisions - Crop Rotation Archival Mathematical Programming
Crespo et al. (2011) Annals of Operations Research Pre-farming Decisions - Crop Rotation No data Decision Analysis
Dawande et al. (2013) mgggg@%ﬁ?g and Service Operations Pre-farming Decisions - Crop Rotation No data Mathematical Programming
Deng and Gibson (2020) Annals of Operations Research Pre-farming Decisions - Crop Rotation Archival Statistical Analysis

Deris and Ohta (1990) Journal of the Operational Research Society Pre-farming Decisions - Crop Rotation Real Mathematical Programming
Eben-Chaime et al. (2011) International Journal of Production Economics Pre-farming Decisions - Crop Rotation Hypothetical Simulation

Elimam (1995) European Journal of Operational Research Pre-farming Decisions - Crop Rotation Real Decision Analysis

Fotio Tiotsop et al. (2020) Computers and Operations Research Pre-farming Decisions - Crop Rotation Hypothetical Mathematical Programming
Garcia-Alonso et al. (2014) Annals of Operations Research Pre-farming Decisions - Crop Rotation Real Meta-Heuristics
Gebrezgabher et al. (2014) European Journal of Operational Research Pre-farming Decisions - Land-use Hypothetical Heuristics

Ghosh et al. (2005) International Journal of Production Economics Pre-farming Decisions - Land-use Real Game Theory

Glen (1988) European Journal of Operational Research Pre-farming Decisions - Land-use Real Mathematical Programming
Gbmez-Limon and Martinez (2006) |European Journal of Operational Research Pre-farming Decisions - Land-use Real Decision Analysis
Gongalves et al. (2014) Annals of Operations Research Pre-farming Decisions - Land-use Real Heuristics

Han et al. (2020) European Journal of Operational Research Pre-farming Decisions - Land-use Hypothetical Decision Analysis

Huang (1998) European Journal of Operational Research Pre-farming Decisions - Land-use Real Mathematical Programming
Ines Minguez et al. (1988) Journal of the Operational Research Society Pre-farming Decisions - Land-use Real Mathematical Programming
Krcmar et al. (2001) European Journal of Operational Research Resource Management - Physical Resources |Real Mathematical Programming
Levy and Caputo (2008) European Journal of Operational Research Resource Management - Physical Resources |No data Mathematical Programming
Lépez-Baldovin et al. (2006) Journal of the Operational Research Society Resource Management - Physical Resources |Real Decision Analysis
Maatman et al. (2002) Operations Research Resource Management - Physical Resources |Real Mathematical Programming
l(\ggg%ges Gongalves & Vaz Pato Annals of Operations Research Resource Management - Physical Resources Real Mathematical Programming
Martens et al. (2012) Decision Sciences Resource Management - Physical Resources |Hypothetical Mathematical Programming
Martins and Marques (2007) European Journal of Operational Research Resource Management - Physical Resources |Real Mathematical Programming
Maschler et al. (2019) Annals of Operations Research Resource Management - Physical Resources |Archival Decision Analysis

Piot-Lepetit (2014)

Annals of Operations Research

Resource Management - Physical Resources

Hypothetical

Mathematical Programming

Raju and Pillai (1999)

European Journal of Operational Research

Resource Management - Physical Resources

Real

Decision Analysis

Raju et al. (2006) Computers and Operations Research Resource Management - Physical Resources |Real Mathematical Programming
Robert et al. (2018) European Journal of Operational Research Resource Management - Physical Resources |Real Mathematical Programming
Sapountzis (1991) European Journal of Operational Research Resource Management - Physical Resources |Archival Statistical Analysis




Schreider et al. (2013) Annals of Operations Research Resource Management - Physical Resources |No data Game Theory

Sharma (1991) European Journal of Operational Research Resource Management - Physical Resources |Hypothetical Mathematical Programming

Sharma and Jana (2009) International Journal of Production Economics Resource Management - Physical Resources |Real Decision Analysis

Shoemaker Christine (1982) Operations Research Resource Management - Physical Resources |Hypothetical Mathematical Programming

Skevas et al. (2012) European Journal of Operational Research Resource Management - Physical Resources |Archival Mathematical Programming

Skevas et al. (2014) European Journal of Operational Research Resource Management - Physical Resources |Archival Mathematical Programming

Stoecker et al. (1985) Management Science Resource Management - Physical Resources |Real Mathematical Programming

Sun et al. (2000) Annals of Operations Research Resource Management - Physical Resources |Real Statistical Analysis

Thiel (2009) Journal of the Operational Research Society Resource Management - Physical Resources |Real Mathematical Programming

Upcraft et al. (1989) Journal of the Operational Research Society Resource Management - Physical Resources |Real Mathematical Programming

Vitoriano et al. (2003) European Journal of Operational Research Resource Management - Physical Resources |Real Mathematical Programming

Vizvéri and Lakner (2014) Annals of Operations Research Resource Management - Workforce Real Mathematical Programming

Vizvaéri et al. (2011) Annals of Operations Research Resource Management - Workforce No data Mathematical Programming

Wang et al. (2020) International Journal of Production Research Resource Management - Workforce Hypothetical Mathematical Programming

Wishon et al. (2015) International Journal of Production Economics Resource Management - Workforce Real Mathematical Programming

dos Santos et al. (2010) European Journal of Operational Research Sustainability Real Mathematical Programming

Elfkih et al. (2009) Journal of the Operational Research Society Sustainability Real Mathematical Programming

Gomes et al. (2009) Annals of Operations Research Sustainability Archival Statistical Analysis

Hosseini-Motlagh et al. (2020) International Journal of Production Research Sustainability No data Game Theory

Picazo-Tadeo et al. (2012) European Journal of Operational Research Sustainability Archival Mathematical Programming

Ranga Prabodanie et al. (2014) Annals of Operations Research Sustainability Hypothetical Mathematical Programming

Wang et al. (2020) International Journal of Production Economics Sustainability Hypothetical Mathematical Programming

Aubert et al. (2012) Decision Support Systems Technology and Platforms Survey Statistical Analysis

Chen et al. (2013) Production and Operations Management Technology and Platforms No data Game Theory

Chen et al. (2015) Production and Operations Management Technology and Platforms No data Game Theory

Kurkalova and Carter (2017) Decision Support Systems Technology and Platforms No data Simulation

Lowe and Preckel (2004) Manufacturing and Service Operations Technology and Platforms No data Decision Analysis
Management

Parker et al. (2016) Management Science Technology and Platforms Archival Statistical Analysis

Petridis et al. (2020) Annals of Operations Research Technology and Platforms Archival Statistical Analysis

Zhang and Goddard (2007)

Decision Support Systems

Technology and Platforms

Hypothetical

Decision Analysis

Zhou et al. (2021)

Manufacturing and Service Operations
Management

Technology and Platforms

No data

Game Theory




References for E-supplement

Agrell P.J., Stam A., Fischer G.W. (2004). Interactive multiobjective agro-ecological land use planning: The
Bungoma region in Kenya. European Journal of Operational Research, 158(1), 194-217.

Ahumada 0., Villalobos J.R. (2009). Application of planning models in the agri-food supply chain: A review.
European Journal of Operational Research, 196(1), 1-20.

Ahumada 0., Villalobos J.R. (2011). Operational model for planning the harvest and distribution of perishable
agricultural products. International Journal of Production Economics, 133(2), 677-687.

AitSahlia F., Wang C.-J., Cabrera V.E., Uryasev S., Fraisse C.W. (2011). Optimal crop planting schedules and
financial hedging strategies under ENSO-based climate forecasts. Annals of Operations Research, 190(1),
201-220.

Albornoz, V. M., Araneda, L. C., & Ortega, R. (2021). Planning and scheduling of selective harvest with
management zones delineation. Annals of Operations Research, 1-18.

Albornoz V.M., Véliz M.1., Ortega R., Ortiz-Araya V. (2020). Integrated versus hierarchical approach for zone
delineation and crop planning under uncertainty. Annals of Operations Research, 286(43832), 617-634.

Alfandari L., Lemalade J.L., Nagih A., Plateau G. (2011). A MIP flow model for crop-rotation planning in a
context of forest sustainable development. Annals of Operations Research, 190(1), 149-164.

Alfandari L., Plateau A., Schepler X. (2015). A branch-and-price-and-cut approach for sustainable crop rotation
planning. European Journal of Operational Research, 241(3), 872-879.

Aliano Filho A., de Oliveira Florentino H., Pato M.V., Poltroniere S.C., da Silva Costa J.F. (2019). Exact and
heuristic methods to solve a bi-objective problem of sustainable cultivation. Annals of Operations Research,
().

Aliano Filho, A., Melo, T., & Pato, M. V. (2021). A bi-objective mathematical model for integrated planning of
sugarcane harvesting and transport operations. Computers & Operations Research, 134, 105419.

Almifiana M., Escudero L.F., Landete M., Monge J.F., Rabasa A., Sdnchez-Soriano J. (2008). On a mixed zero
- One separable non-linear approach for water irrigation scheduling. IIE Transactions (Institute of Industrial
Engineers), 40(4), 398-405.

Almifiana M., Escudero L.F., Landete M., Monge J.F., Rabasa A., Sanchez-Soriano J. (2010). WISCHE: A DSS
for water irrigation scheduling. Omega, 38(6), 492-500.

Alonso-Ayuso A., Escudero L.F., Guignard M., Quinteros M., Quinteros M., Weintraub A. (2011). Forestry
management under uncertainty. Annals of Operations Research, 190(1), 17-39.

Alonso-Ayuso A., Escudero L.F., Guignard M., Weintraub A. (2020). On dealing with strategic and tactical
decision levels in forestry planning under uncertainty. Computers and Operations Research, 115(1).

Alvarez-Miranda E., Garcia-Gonzalo J., Ulloa-Fierro F., Weintraub A., Barreiro S. (2018). A multicriteria
optimization model for sustainable forest management under climate change uncertainty: An application in
Portugal. European Journal of Operational Research, 269(1), 79-98.

Annetts J.E., Audsley E. (2002). Multiple objective linear programming for environmental farm planning.
Journal of the Operational Research Society, 53(9), 933-943.

Arondel C., Girardin P. (2000). Sorting cropping systems on the basis of their impact on groundwater quality.
European Journal of Operational Research, 127(3), 467-482.



Ata B., Lee D., Sénmez E. (2019). Dynamic volunteer staffing in multicrop gleaning operations. Operations
Research, 67(2), 295-314.

Azaiez M.N., Hariga M. (2001). A single-period model for conjunctive use of ground and surface water under
severe overdrafts and water deficit. European Journal of Operational Research, 133(3), 653-666.

Azaiez M.N. (2002). A model for conjunctive use of ground and surface water with opportunity costs. European
Journal of Operational Research, 143(3), 611-624.

Barreteau O., Bousquet F. (2000). SHADOC: A multi-agent model to tackle viability of irrigated systems.
Annals of Operations Research, 94(43834), 139-162.

Benhamou L., Giard V., Khouloud M., Fenies P., Fontane F. (2020). Reverse Blending: An economically
efficient approach to the challenge of fertilizer mass customization. International Journal of Production
Economics, 226(1), -.

Bhattacharya A. (2006). A goal programming approach for developing pre-harvest forecasts of crop yield.
Journal of the Operational Research Society, 57(8), 1014-1017.

Biswas A., Pal B.B. (2005). Application of fuzzy goal programming technique to land use planning in
agricultural system. Omega, 33(5), 391-398.

Bloemhof-Ruwaard J.M., Hendrix E.M.T. (1996). Generalized bilinear programming: An application in farm
management. European Journal of Operational Research, 90(1), 102-114.

Bochtis D.D., Sgrensen C.G., Green O. (2012). A DSS for planning of soil-sensitive field operations. Decision
Support Systems, 53(1), 66-75.

Bohle C., Maturana S., Vera J. (2010). A robust optimization approach to wine grape harvesting scheduling.
European Journal of Operational Research, 200(1), 245-252.

Bont L.G., Heinimann H.R., Church R.L. (2015). Concurrent optimization of harvesting and road network
layouts under steep terrain. Annals of Operations Research, 232(1), 41-64.

Borges P., Eid T., Bergseng E. (2014). Applying simulated annealing using different methods for the
neighborhood search in forest planning problems. European Journal of Operational Research, 233(3), 700-
710.

Borodin V., Bourtembourg J., Hnaien F., Labadie N. (2014). A quality risk management problem: Case of annual
crop harvest scheduling. International Journal of Production Research, 52(9), 2682-2695.

Borodin V., Bourtembourg J., Hnaien F., Labadie N. (2015). A multi-step rolled forward chance-constrained
model and a proactive dynamic approach for the wheat crop quality control problem. European Journal of
Operational Research, 246(2), 631-640.

Boyabatli O., Nasiry J., Zhou Y.H. (2019). Crop planning in sustainable agriculture: Dynamic farmland
allocation in the presence of crop rotation benefits. Management Science, 65(5), 2060-2076.

Bravo M., Gonzalez I. (2009). Applying stochastic goal programming: A case study on water use planning.
European Journal of Operational Research, 196(3), 1123-1129.

Brulard N., Cung V.-D., Catusse N., Dutrieux C. (2019). An integrated sizing and planning problem in designing
diverse vegetable farming systems. International Journal of Production Research, 57(4), 1018-1036.

Caixeta-Filho J.V. (2006). Orange harvesting scheduling management: A case study. Journal of the Operational
Research Society, 57(6), 637-642.

Calija V., Higgins A.J., Jackson P.A., Bielig L.M., Coomans D. (2001). An Operations Research Approach to
the Problem of the Sugarcane Selection. Annals of Operations Research, 108(43834), 123-142.

10



Caro F., Andalaft R., Silva X., Weintraub A., Sapunar P., Cabello M. (2003). Evaluating the economic cost of
environmental measures in plantation harvesting through the use of mathematical models. Production and
Operations Management, 12(3), 290-306.

Carvajal R., Constantino M., Goycoolea M., Pablo Vielma J., Weintraub A. (2013). Imposing connectivity
constraints in forest planning models. Operations Research, 61(4), 824-836.

Cervantes-Gaxiola M.E., Sosa-Niebla E.F., Herndndez-Calderén O.M., Ponce-Ortega J.M., Ortiz-del-Castillo
J.R., Rubio-Castro E. (2020). Optimal crop allocation including market trends and water availability.
European Journal of Operational Research, 285(2), 728-739.

Chauhan S.S., Frayret J.-M., LeBel L. (2011). Supply network planning in the forest supply chain with bucking
decisions anticipation. Annals of Operations Research, 190(1), 93-115.

Clarke H.R. (1989). Combinatorial aspects of cropping pattern selection in agriculture. European Journal of
Operational Research, 40(1), 70-77.

Clark M.M., Meller R.D., McDonald T.P., Ting C.C. (2000). A new harvest operation cost model to evaluate
forest harvest layout alternatives. Annals of Operations Research, 95(43834), 115-129.

Cominetti R., Piazza A. (2009). Asymptotic convergence of optimal policies for resource management with
application to harvesting of multiple species Forest. Mathematics of Operations Research, 34(3), 576-593.

Constantino M., Martins I, Borges J.G. (2008). A new mixed-integer programming model for harvest scheduling
subject to maximum area restrictions. Operations Research, 56(3), 542-551.

Constantino M., Martins 1. (2018). Branch-and-cut for the forest harvest scheduling subject to clearcut and core
area constraints. European Journal of Operational Research, 265(2), 723-734.

Costa A.M., dos Santos L.M.R., Alem D.J., Santos R.H.S. (2014). Sustainable vegetable crop supply problem
with perishable stocks. Annals of Operations Research, 219(1), 265-283.

Crespo O., Bergez J.E., Garcia F. (2011). P2q hierarchical decomposition algorithm for quantile optimization:
Application to irrigation strategies design. Annals of Operations Research, 190(1), 375-387.

Darby-Dowman K., Barker S., Audsley E., Parsons D. (2000). A two-stage stochastic programming with
recourse model for determining robust planting plans in horticulture. Journal of the Operational Research
Society, 51(1), 83-89.

Dawande M., Gavirneni S., Mehrotra M., Mookerjee V. (2013). Efficient distribution of water between head-
reach and tail-end farms in developing countries. Manufacturing and Service Operations Management,
15(2), 221-238.

Dems A., Rousseau L.-M., Frayret J.-M. (2015). Effects of different cut-to-length harvesting structures on the
economic value of a wood procurement planning problem. Annals of Operations Research, 232(1), 65-86.

Dems A., Rousseau L.M., Frayret J.M. (2017). Annual timber procurement planning with bucking decisions.
European Journal of Operational Research, 259(2), 713-720.

Deng X., Gibson J. (2020). Sustainable land use management for improving land eco-efficiency: a case study of
Hebei, China. Annals of Operations Research, 290(43832), 265-277.

De Oliveira Florentino H., Pato M.V. (2014). A bi-objective genetic approach for the selection of sugarcane
varieties to comply with environmental and economic requirements. Journal of the Operational Research
Society, 65(6), 842-854.

Deris S.B., Ohta H. (1990). A machine-scheduling model for large-scale rice production in malaysia. Journal of
the Operational Research Society, 41(8), 713-723.

11



Devadoss S., Luckstead J. (2010). An analysis of apple supply response. International Journal of Production
Economics, 124(1), 265-271.

dos Santos L.M.R., Michelon P., Arenales M.N., Santos R.H.S. (2011). Crop rotation scheduling with adjacency
constraints. Annals of Operations Research, 190(1), 165-180.

Elimam A.A. (1995). A Decision Support System (DSS) for agricultural pesticide production planning.
European Journal of Operational Research, 81(1), 17-34.

Epstein R., Nieto E., Weintraub A., Chevalier P., Gabarrd J. (1999). System for the design of short term
harvesting strategy. European Journal of Operational Research, 119(2), 427-439.

Escallon-Barrios M., Castillo-Gomez D., Leal J., Montenegro C., Medaglia A.L. (2020). Improving harvesting
operations in an oil palm plantation. Annals of Operations Research, (1).

Eto H. (1991). A mathematical programming model to consider alternative crops. Omega, 19(43864), 169-179.

Ferrer J.-C., Mac Cawley A., Maturana S., Toloza S., Vera J. (2008). An optimization approach for scheduling
wine grape harvest operations. International Journal of Production Economics, 112(2), 985-999.

Filippi C., Mansini R., Stevanato E. (2017). Mixed integer linear programming models for optimal crop
selection. Computers and Operations Research, 81(1), 26-39.

Florentino H.O., Irawan C., Aliano A.F., Jones D.F., Cantane D.R., Nervis J.J. (2018). A multiple objective
methodology for sugarcane harvest management with varying maturation periods. Annals of Operations
Research, 267(43832), 153-177.

Florentino H.O., Jones D.F., Irawan C.A., Ouelhadj D., Khosravi B., Cantane D.R. (2020). An optimization
model for combined selecting, planting and harvesting sugarcane varieties. Annals of Operations Research,
(1).

Fotio Tiotsop L., Servetti A., Masala E. (2020). An integer linear programming model for efficient scheduling
of UGV tasks in precision agriculture under human supervision. Computers and Operations Research,
114(1).

Garcia-Alonso C.R., Pérez-Naranjo L.M., Fernandez-Caballero J.C. (2014). Multiobjective evolutionary

algorithms to identify highly autocorrelated areas: The case of spatial distribution in financially
compromised farms. Annals of Operations Research, 219(1), 187-202.

Gebrezgabher S.A., Meuwissen M.P.M., Oude Lansink A.G.J.M. (2014). A multiple criteria decision making
approach to manure management systems in the Netherlands. European Journal of Operational Research,
232(3), 643-653.

Ghosh D., Sharma D.K., Mattison D.M. (2005). Goal programming formulation in nutrient management for rice
production in West Bengal. International Journal of Production Economics, 95(1), 1-7.

Glen J.J. (1988). A mixed integer programming model for fertiliser policy evaluation. European Journal of
Operational Research, 35(2), 165-171.

Golenko-Ginzburg D., Sinuany-Stern Z., Kats V. (1996). A multilevel decision-making system with multiple
resources for controlling cotton harvesting. International Journal of Production Economics, 46-47(1), 55-
63.

GoOmez-Lagos J.E., Gonzélez-Araya M.C., Soto-Silva W.E., Rivera-Moraga M.M. (2020). Optimizing tactical
harvest planning for multiple fruit orchards using a metaheuristic modeling approach. European Journal of
Operational Research, (1).

12



GOmez-Limén J.A., Martinez Y. (2006). Multi-criteria modelling of irrigation water market at basin level: A
Spanish case study. European Journal of Operational Research, 173(1), 313-336.

Gbémez T., Herndndez M., Molina J., Lebn M.A., Aldana E., Caballero R. (2011). A multiobjective model for
forest planning with adjacency constraints. Annals of Operations Research, 190(1), 75-92.

Gongalves G.M., Gouveia L., Pato M.V. (2014). An improved decomposition-based heuristic to design a water
distribution network for an irrigation system. Annals of Operations Research, 219(1), 141-167.

Haneveld W.K.K., Stegeman A.W. (2005). Crop succession requirements in agricultural production planning.
European Journal of Operational Research, 166(2), 406-429.

Han J., Hu Y., Mao M., Wan S. (2020). A multi-objective districting problem applied to agricultural machinery
maintenance service network. European Journal of Operational Research, 287(3), 1120-1130.

Haouari M., Azaiez M.N. (2001). Optimal cropping patterns under water deficits. European Journal of
Operational Research, 130(1), 133-146.

Hellman O. (1977). A potato farming problem. European Journal of Operational Research, 1(6), 361-364.

Higgins A.J., Laredo L.A. (2006). Improving harvesting and transport planning within a sugar value chain.
Journal of the Operational Research Society, 57(4), 367-376.

Huang G.H. (1998). A hybrid inexact-stochastic water management model. European Journal of Operational
Research, 107(1), 137-158.

Huh W.T., Lall U. (2013). Optimal crop choice, irrigation allocation, and the impact of contract farming.
Production and Operations Management, 22(5), 1126-1143.

Ines Minguez M., Romero C., Domingo J. (1988). Determining optimum fertilizer combinations through goal
programming with penalty functions: An application to sugar beet production in spain. Journal of the
Operational Research Society, 39(1), 61-70.

Jena S.D., Poggi M. (2013). Harvest planning in the Brazilian sugar cane industry via mixed integer
programming. European Journal of Operational Research, 230(2), 374-384.

Jones P.C., Lowe T.J., Traub R.D., Kegler G. (2001). Matching Supply and Demand; The Value of a Second
Chance in Producing Hybrid Seed Corn. Manufacturing and Service Operations Management, 3(2), 122-
137.

Jones P.C., Ohlmann J.W. (2008). Long-range timber supply planning for a vertically integrated paper mill.
European Journal of Operational Research, 191(2), 558-571.

Jonkman J., Barbosa-Pévoa A.P., Bloemhof J.M. (2019). Integrating harvesting decisions in the design of agro-
food supply chains. European Journal of Operational Research, 276(1), 247-258.

Junqueira R.D.A.R., Morabito R. (2019). Modeling and solving a sugarcane harvest front scheduling problem.
International Journal of Production Economics, 213(1), 150-160.

Kazakgi A.O., Rozakis S., Vanderpooten D. (2007). Energy crop supply in France: A min-max regret approach.
Journal of the Operational Research Society, 58(11), 1470-1479.

Kodnny N., Téth S.F. (2013). A cutting plane method for solving harvest scheduling models with area restrictions.
European Journal of Operational Research, 228(1), 236-248.

Krcmar E., Stennes B., Cornelis Van Kooten G., Vertinsky 1. (2001). Carbon sequestration and land management
under uncertainty. European Journal of Operational Research, 135(3), 616-629.

Lamsal K., Jones P.C., Thomas B.W. (2016). Continuous time scheduling for sugarcane harvest logistics in
Louisiana. International Journal of Production Research, 54(2), 616-627.

13



Lamsal K., Jones P.C., Thomas B.W. (2017). Sugarcane harvest logistics in Brazil. Transportation Science,
51(2), 771-789.

Levy A., Caputo M.R. (2008). Optimal control of locusts in subsistence farming areas. European Journal of
Operational Research, 191(2), 504-516.

LIANG T, HUANG WY, WANG JK (1971). Scheduling bioproduction harvest. Operations Research, 19(7),
1698-1707.

Liski E.P., Nummi T. (1996). The marking for bucking under uncertainty in automatic harvesting of forests.
International Journal of Production Economics, 46-47(1), 373-385.

Liu C.-M. (2001). Primal-dual methods for sustainable harvest scheduling problems. Computers and Operations
Research, 28(8), 733-749.

Lopez-Baldovin M.J., Gutiérrez-Martin C., Berbel J. (2006). Multicriteria and multiperiod programming for
scenario analysis in Guadalquivir river irrigated farming. Journal of the Operational Research Society, 57(5),
499-509.

Maatman A., Schweigman C., Ruijs A., Van Der Vlerk M.H. (2002). Modeling farmers' response to uncertain
rainfall in Burkina Faso: A stochastic programming approach. Operations Research, 50(3), 399-414.

Makowski D., Hendrix E.M.T., Van Ittersum M.K., Rossing W.A.H. (2001). Generation and presentation of
nearly optimal solutions for mixed-integer linear programming, applied to a case in farming system design.
European Journal of Operational Research, 132(2), 425-438.

Mann M., Zion B., Shmulevich I., Rubinstein D. (2016). Determination of robotic melon harvesting efficiency:
A probabilistic approach. International Journal of Production Research, 54(11), 3216-3228.

Marques Gongalves G., Vaz Pato M. (2000). A three-phase procedure for designing an irrigation system's water
distribution network. Annals of Operations Research, 94(43834), 163-179.

Martens B.J., Scheibe K.P., Bergey P.K. (2012). Supply chains in sub-Saharan Africa: A decision support system
for small-scale seed entrepreneurs. Decision Sciences, 43(5), 737-759.

Martins M.B., Marques C. (2007). Methodological aspects of a mathematical programming model to evaluate
soil tillage technologies in a risky environment. European Journal of Operational Research, 177(1), 556-
571.

Maschler T., Stlirmer-Stephan B., Morhard J., Stegmaier T., Tilebein M., Griepentrog H.W. (2019). A decision
support method for designing vegetation layers with minimised irrigation need. Annals of Operations
Research, (1).

Neto T., Constantino M., Martins I., Pedroso J.P. (2017). Forest harvest scheduling with clearcut and core area
constraints. Annals of Operations Research, 258(2), 453-478.

Neto T., Constantino M., Martins 1., Pedroso J.P. (2020). A multi-objective Monte Carlo tree search for forest
harvest scheduling. European Journal of Operational Research, 282(3), 1115-1126.

Nureize A., Watada J., Wang S. (2014). Fuzzy random regression based multi-attribute evaluation and its
application to oil palm fruit grading. Annals of Operations Research, 219(1), 299-315.

Ortuiio M.T., Vitoriano B. (2011). A goal programming approach for farm planning with resources
dimensionality. Annals of Operations Research, 190(1), 181-199.

Pagnoncelli B.K., Piazza A. (2017). The optimal harvesting problem under price uncertainty: the risk averse
case. Annals of Operations Research, 258(2), 479-502.

14



Pakawanich, P., Udomsakdigool, A., & Khompatraporn, C. (2021). Crop production scheduling for revenue
inequality reduction among smallholder farmers in an agricultural cooperative. Journal of the Operational
Research Society, 1-12.

Petrasek S., Perez-Garcia J., Bare B.B. (2015). Valuing forestlands with stochastic timber and carbon prices.
Annals of Operations Research, 232(1), 217-234.

Piazza A., Pagnoncelli B.K. (2014). The optimal harvesting problem under price uncertainty. Annals of
Operations Research, 217(1), 425-445.

Piot-Lepetit 1. (2014). Technological externalities and environmental policy: How to simulate manure
management regulation within a DEA framework. Annals of Operations Research, 214(1), 31-48.

Qian X., Olsen T.L. (2020). Operational and financial decisions within proportional investment cooperatives.
Manufacturing and Service Operations Management, 22(3), 545-561.

Rédulescu M., Réadulescu C.Z., Zbaganu G. (2014). A portfolio theory approach to crop planning under
environmental constraints. Annals of Operations Research, 219(1), 243-264.

Raju K.S., Kumar D.N., Duckstein L. (2006). Artificial neural networks and multicriterion analysis for
sustainable irrigation planning. Computers and Operations Research, 33(4), 1138-1153.

Raju K.S., Pillai C.R.S. (1999). Multicriterion decision making in performance evaluation of an irrigation
system. European Journal of Operational Research, 112(3), 479-488.

Reeves L.H., Haight R.G. (2000). Timber harvest scheduling with price uncertainty using Markowitz portfolio
optimization. Annals of Operations Research, 95(43834), 229-250.

Regis Mauri G. (2019). Improved mathematical model and bounds for the crop rotation scheduling problem with
adjacency constraints. European Journal of Operational Research, 278(1), 120-135.

Ridier A., Chaib K., Roussy C. (2016). A Dynamic Stochastic Programming model of crop rotation choice to
test the adoption of long rotation under price and production risks. European Journal of Operational
Research, 252(1), 270-279.

Robert M., Bergez J.-E., Thomas A. (2018). A stochastic dynamic programming approach to analyze adaptation
to climate change — Application to groundwater irrigation in India. European Journal of Operational
Research, 265(3), 1033-1045.

Robinson, A, Levis, J, and Bennett, G. (2010) INFORMS to officially join analytics movement. OR/MS Today
37.5- 59.

Saedt A.P.H., Hendriks T.H.B., Smits F.M. (1991). A transition planning method applied in a decision support
system for potplant nurseries. European Journal of Operational Research, 52(2), 142-154.

Sanei Bajgiran O., Kazemi Zanjani M., Nourelfath M. (2017). Forest harvesting planning under uncertainty: a
cardinality-constrained approach. International Journal of Production Research, 55(7), 1914-1929.

Santos L.M.R., Munari P., Costa A.M., Santos R.H.S. (2015). A branch-price-and-cut method for the vegetable
crop rotation scheduling problem with minimal plot sizes. European Journal of Operational Research,
245(2), 581-590.

Sapountzis C. (1991). Water needs for irrigation based on soil water negative pressure - A renewal theory
application on potatoes. European Journal of Operational Research, 54(1), 115-120.

Schreider S., Zeephongsekul P., Abbasi B., Fernandes M. (2013). Game theoretic approach for fertilizer
application: Looking for the propensity to cooperate. Annals of Operations Research, 206(1), 385-400.

15



Semenzato R., Lozano S., Valero R. (1995). A discrete event simulation of sugar cane harvesting operations.
Journal of the Operational Research Society, 46(9), 1073-1078.

Sethanan K., Neungmatcha W. (2016). Multi-objective particle swarm optimization for mechanical harvester
route planning of sugarcane field operations. European Journal of Operational Research, 252(3), 969-984.

Sharma D.K., Jana R.K. (2009). Fuzzy goal programming based genetic algorithm approach to nutrient
management for rice crop planning. International Journal of Production Economics, 121(1), 224-232.

Sharma R.R.K. (1991). Modelling a fertiliser distribution system. European Journal of Operational Research,
51(1), 24-34.

Shoemaker Christine A. (1982). Optimal integrated control of univoltine pest populations with age structure.
Operations Research, 30(1), 40-61.

Siskos Y., Despotis D.K., Ghediri M. (1994). Multiobjective modelling for regional agricultural planning: Case
study in Tunisia. European Journal of Operational Research, 77(3), 375-391.

Skevas T., Lansink A.O., Stefanou S.E. (2012). Measuring technical efficiency in the presence of pesticide

spillovers and production uncertainty: The case of Dutch arable farms. European Journal of Operational
Research, 223(2), 550-559.

Skevas T., Stefanou S.E., Oude Lansink A. (2014). Pesticide use, environmental spillovers and efficiency: A
DEA risk-adjusted efficiency approach applied to Dutch arable farming. European Journal of Operational
Research, 237(2), 658-664.

SORENSEN EE, GILHEANY JF (1970). SIMULATION MODEL FOR HARVEST OPERATIONS UNDER
STOCHASTIC CONDITIONS. Management Science, 16(8), b549-65.

St. John R., T6th S.F. (2015). Spatially explicit forest harvest scheduling with difference equations. Annals of
Operations Research, 232(1), 235-257.

Stoecker A.L., Seidmann A., Lloyd G.S. (1985). LINEAR DYNAMIC PROGRAMMING APPROACH TO
IRRIGATION SYSTEM MANAGEMENT WITH DEPLETING GROUNDWATER.. Management
Science, 31(4), 422-434.

Sun H., Houston J.E., Thomas D.L. (2000). Modeling voluntary participation in a cost-sharing agricultural water
guality management program. Annals of Operations Research, 94(43834), 125-138.

Tan L.-P., Fong C.-O. (1988). Determination of the crop mix of a rubber and oil palm plantation-A programming
approach. European Journal of Operational Research, 34(3), 362-371.

Thiel D. (2009). Dynamic modeling of labour assignment flexibility in the French fresh food industry. Journal
of the Operational Research Society, 60(5), 652-662.

Upcraft M.J., Noble D.H., Carr M.K.V. (1989). A mixed linear programme for short-term irrigation scheduling.
Journal of the Operational Research Society, 40(10), 923-931.

Van Elderen E. (1980). Scheduling farm operations. European Journal of Operational Research, 4(1), 19-23.

Veliz F.B., Watson J.-P., Weintraub A., Wets R.J.-B., Woodruff D.L. (2015). Stochastic optimization models in
forest planning: a progressive hedging solution approach. Annals of Operations Research, 232(1), 259-274.

Vitoriano B., Ortuo M.T., Recio B., Rubio F., Alonso-Ayuso A. (2003). Two alternative models for farm
management: Discrete versus continuous time horizon. European Journal of Operational Research, 144(3),
613-628.

Vizvéri B., Lakner Z., Csizmadia Z., Kovacs G. (2011). A stochastic programming and simulation based analysis
of the structure of production on the arable land. Annals of Operations Research, 190(1), 325-337.

16



Vizvéri B., Lakner Z. (2014). A stochastic programming based analysis of the field use in a farm. Annals of
Operations Research, 219(1), 231-242.

Wang H., Alidaee B., Ortiz J., Wang W. (2020). The multi-skilled multi-period workforce assignment problem.
International Journal of Production Research, (1).

Wei R., Murray A.T. (2015). Spatial uncertainty in harvest scheduling. Annals of Operations Research, 232(1),
275-289.

Whan B.M., Scott C.H., Jefferson T.R. (1978). A Stochastic Model of Sugar Cane Crop Rotation. Journal of the
Operational Research Society, 29(4), 341-348.

Widodo K.H., Nagasawa H., Morizawa K., Ota M. (2006). A periodical flowering-harvesting model for
delivering agricultural fresh products. European Journal of Operational Research, 170(1), 24-43.

Wijngaard P.J.M. (1988). A heuristic for scheduling problems, especially for scheduling farm operations.
European Journal of Operational Research, 37(1), 127-135.

Wishon C., Villalobos J.R., Mason N., Flores H., Lujan G. (2015). Use of MIP for planning temporary immigrant
farm labor force. International Journal of Production Economics, 170(1), 25-33.

Yoshimoto A., Shoji I. (1998). Searching for an optimal rotation age for forest stand management under
stochastic log prices. European Journal of Operational Research, 105(1), 100-112.

Yu R., Leung P. (2009). Optimal harvest time in continuous aquaculture production: The case of
nonhomogeneous production cycles. International Journal of Production Economics, 117(2), 267-270.

Zhang H., Constantino M., Falcdo A. (2011). Modeling forest core area with integer programming. Annals of
Operations Research, 190(1), 41-55.

Zhang, L., Huang, Z., Liu, W., Guo, Z., & Zhang, Z. (2021). Weather Radar Echo Prediction Method Based on
Convolution Neural Network and Long Short-Term Memory Networks for Sustainable e-Agriculture.
Journal of Cleaner Production, 126776.

Zhang Y., Swaminathan J.M. (2020). Improved crop productivity through optimized planting schedules.
Manufacturing and Service Operations Management, 22(6), 1165-1180.

Znidar$i¢ M., Bohanec M., Zupan B. (2008). Modeling impacts of cropping systems: Demands and solutions
for DEX methodology. European Journal of Operational Research, 189(3), 594-608.

17



