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Abstract

:

Agent-based models (ABMs) are particularly suited for simulating the behaviour of agricultural agents in response to land use (LU) policy. However, there is no evidence of their widespread use by policymakers. Here, we carry out a review of LU ABMs to understand how farmers’ decision-making has been modelled. We found that LU ABMs mainly rely on pre-defined behavioural rules at the individual farmers’ level. They prioritise explanatory over predictive purposes, thus limiting the use of ABM for policy assessment. We explore the use of machine learning (ML) as a data-driven alternative for modelling decisions. Integration of ML with ABMs has never been properly applied to LU modelling, despite the increased availability of remote sensing products and agricultural micro-data. Therefore, we also propose a framework to develop data-driven ABMs for agricultural LU. This framework avoids pre-defined theoretical or heuristic rules and instead resorts to ML algorithms to learn agents’ behavioural rules from data. ML models are not directly interpretable, but their analysis can provide novel insights regarding the response of farmers to policy changes. The integration of ML models can also improve the validation of individual behaviours, which increases the ability of ABMs to predict policy outcomes at the micro-level.
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1. Introduction


Human activity is hampering our possibility of living within planetary boundaries [1,2]. Food production is the most important driver of environmental change at a global scale [3]; it accounts for 19–29% of total anthropogenic greenhouse gas emissions [4]; it is responsible for 70% of freshwater use for irrigation purposes and 40% of land occupation and is a major driver of biodiversity loss [5]; moreover, it is the main driver of eutrophication, through the massive use of nitrogen and phosphorus fertilizers [3].



Agricultural land use (LU)—the focus of this paper, which we will refer to as LU for simplification—behaves as a complex adaptive system. Farmers are individual agents acting and interacting under the influence of past actions, peer pressure, economic market forces, governmental decisions and environmental constraints [6,7,8]. This causes feedback loops and non-linear responses that can lead to unexpected outcomes [7,8,9]. Due to path dependency, the effects of ill-designed policies might be persistent and difficult to reverse [9,10]. For these reasons, when designing policies, the literature highlights the importance of treating the complexity of LU and of socio-ecological systems more generally in order to prevent unintended consequences [7,8,9,11,12,13].



The use of computational simulations in LU studies has attracted wide scientific interest, especially since 2008 [14,15]. In particular, the interest in applying agent-based models (ABMs) to model LU experienced a steady increase [8,16,17]. The use of ABMs for agricultural policy assessment applications increased as well [15,18]. ABMs are generically identified as simulations composed of individual agents and characterized by the importance given to their behaviours, interactions and heterogeneity [19]. Thanks to their bottom-up approach, with no centralised control and each agent acting according to its own rules, ABMs are suited for the study of complex adaptive systems [20]. Typically, LU ABMs consist of individual farmers, the main agents, deciding at each step of the simulation to maintain or change the use of the land they own, experiencing environmental changes and interacting with the government, markets and other farmers. ABMs can, therefore, overcome some important limitations of other more consolidated approaches to model LU, such as the aggregated level of analysis required by equations-based and system models (such as partial equilibrium models) or the simplification of farmers’ decision-making and reciprocal influence in cellular models [21,22]. The literature stresses, in particular, some advantages of applying ABMs to LU and agricultural policies assessment [6,14,18,21,23,24,25,26,27], which can be summarized as follows:




	
ABMs can simulate the decentralised and heterogeneous decision-making of farmers with a high level of detail and consider uncertainty regarding their behaviour. This allows for the evaluation of policy effects at the individual level.



	
ABMs can explicitly model social interactions, which have an important influence on farmers’ behaviour, and therefore allow the study of the diffusion of technologies and practices.



	
ABMs can explicitly include a spatial dimension and the biophysical properties of land, linking it with farmers’ decision-making and thus addressing the feedback between the socio-economic and biophysical spheres.



	
ABMs provide a natural framework to consider out-of-equilibrium dynamics.



	
ABMs can consider the complex and distributed effects of climate change on agriculture, which are likely to gain increasing relevance.








Despite the number of ABMs focusing on agricultural policies, their use for actual policy assessment is still limited [15,26]. The lack of transparency and accessibility of the models is a commonly reported reason for this [15], although transparency initiatives by journals and funders are making this problem less prevalent. The ODD protocol (which stands for overview, design concepts, details) [28,29,30,31] provides a standardised way to document ABMs and is already used for 20% of ABMs in ecology [29]. Source code and data are increasingly made available, improving the replicability and openness of ABMs [15,18,32].



An even more relevant issue is the predictive performance of ABMs. Prediction can be defined as “the ability to reliably anticipate well-defined aspects of data that is not currently known to a useful degree of accuracy via computations using the model” [33]. Reliable prediction is paramount for ex post and especially ex ante policy analysis [32,34]. Two important achievements in this regard have been the harnessing of ABMs’ ability to incorporate deep uncertainty and run multi-scenario simulations, as opposed to their previous use for point predictions [26,35], and the passage from conceptual and abstract models to empirical ones, which allowed targeting specific case studies [34]. However, as Section 3 will show, ABMs have traditionally focused on equipping agents with clearly interpretable pre-set behavioural rules, striving to understand the mechanisms and processes of the system and the relation between micro-level behaviours and macro-level emergent properties. The relationship between the explanatory and predictive power of ABMs is, however, complex. There is no evidence that the imposition of theoretical rules increases the potential of an ABM to predict outcomes.



To improve their predictive ability, we argue that ABMs should integrate data-science approaches, which have an important role in the increasing efforts for evidence-based policy assessment [36,37,38]. Recent advances in big data, machine learning (ML) predictive algorithms and computational power allow modellers to go one step further than using empirical data only for the parametrization of models. ML enables efficient handling of large amounts of micro-level data to learn real-world patterns of behaviour [39]. ML models can, therefore, be integrated into data-driven ABMs to avoid relying on theoretical or heuristic behavioural rules. Such an approach has shown potential for outperforming more traditional ABMs in other areas of application [39,40,41] but is basically absent from LU applications. LU ABMs should prioritize research along these lines as there are large amounts of LU data from field surveys and remote sensing, as well as micro-data at the individual farmer level from national surveys and research projects and spatialized biophysical data (for soils, climate, etc.) [42].



Therefore, in this paper, we started by establishing that data-driven approaches to behaviour modelling of agents are still underexplored in land use modelling. Section 2 explains how the empirical grounding of ABMs is particularly suited for LU problems, including for policy assessments. Section 3 explains how the agents’ decision-making is modelled in ABMs, highlighting the potential use of micro-level data. We then propose a framework for integrating data-science approaches and ABMs to address LU problems through a completely data-driven definition of agents’ behaviours and interactions. Section 4 introduces ML as a data-driven approach and shows how it has been used in combination with ABMs, focusing on its use to learn agents’ behaviours directly from the available data and increase the predictive robustness of the model. It also stresses the lack of a proper framework for the integration of ML and LU ABMs. Section 5 presents our proposal for a data-driven LU agent-based modelling framework. We hope that, by providing this framework, more data-driven LU ABMs will be developed with the ability to provide robust and useful insights for policy assessment. Finally, Section 6 discusses the limitations of this framework in terms of increased complexity and data requirements and then describes how theoretical and heuristic rules can be integrated to address these issues and which other benefits they could bring.




2. Empirically Grounded Land Use ABMs


The first ABMs developed were mainly abstract and conceptual, i.e., representing a fictitious environment and agents without any use of empirical data as they aimed at demonstrating the applicability and suitability of this new modelling approach [17,21]. After successful proofs of concept of their utility and facing increased acceptance, ABMs are now increasingly complex and system-specific [17,43,44]. This caused a surge in the last two decades in the efforts to employ data in empirical LU ABMs [22,24,30,45]. This was exemplified by the proposal of modelling approaches focused on capturing observed facts such as KIDS (“Keep it Descriptive Stupid”), in direct contrast with previous ones aimed at the simplicity of the model, such as KISS (“Keep it Simple Stupid”) [46]. The application of ABMs that particularly drove this shift was policy design [34]. To obtain stakeholders’ and policymakers’ trust in ABMs results, proper calibration and validation using empirical data [30], as well as a representation of micro-processes based on real-world observations [22,40], are, in fact, fundamental. At the same time, this empirical grounding was enhanced by the exponential increase in the availability of relevant data [34,40,43,44]. High-resolution remotely sensed data and Geographical Information Systems (GIS) products for soil, vegetation and climate provide the possibility to build spatially explicit models, directly linking agents to their biophysical environment [20,22,47]. Sample surveys and interviews [48,49,50], census data [47], participant observation insights and expert opinions [22,50] can be used in combination and provide micro-level data on individual farmers’ socio-economic characteristics. Micro-data have been used in ABMs to instantiate agents’ attributes and parametrise their rules [30,45,51], but cutting-edge applications harness micro-data to elicit individual agents’ behavioural rules and interactions directly.




3. Modelling Agents’ Behaviours in ABMs


Individual decision-making modelling in ABMs is critical for their outcomes’ usefulness and credibility [19,21,32,52]. Modelling agents’ behaviour is a delicate issue, especially in LU. Farmers’ decision-making seldom follows strict economic optimization and is also influenced by culture, traditions and peer influence and subject to limited knowledge of innovations and markets [47,50,53,54]. Therefore, the use of the increasingly available micro-data to empirically ground agents’ behaviours in LU ABMs has received particular attention [24,52,55,56].



In this section, we survey the literature on empirical LU ABMs to characterize how agents’ behaviour has been designed. We mainly based our analysis on reviews already available on the topic, such as [16,34,53,55]. We define three different approaches, increasingly reliant on data: theory-based, heuristic and data-driven ABMs (Figure 1).



3.1. Theory-Based ABMs


Theory-based ABMs derive agents’ decision-making rules from theoretical behavioural models and are the most frequent approach for abstract ABMs. The first frameworks developed for empirically grounded ABMs, such as [45], were therefore focused on the integration of empirical data to initialise agents’ attributes and calibrate the parameters of their behavioural rules, already pre-defined through theories.



The most common theory-based ABMs are economic models [16]. This category encompasses various approaches, from simple evaluations of the costs and benefits of each LU choice to proper mathematical optimization decision rules, all based on the idea that agents are maximizing economic return [34,55]. A well-known implementation of this approach is the expected utility theory, in which agents choose the option that maximises their utility under risk [16]. In neoclassical economics, this translates into the Homo economicus agent, one which has complete knowledge, can perform perfect calculations and acts purely in its self-interest [16]. This paradigm has, however, been widely challenged, stressing the possibility of harnessing ABMs’ individual representation to consider agents with rationality bounded by biases and a lack of information and knowledge, relaxing neoclassical assumptions [19,20,21,23,57]. A prominent example in this regard is the theory of Satisficing when agents review the options and stop their research as soon as they find one that matches their expectations [16,32,55]. Bounded rationality is now common in LU ABMs, even though many models continue using complete rationality [16].



The other main theoretical framework comes from psychological and cognitive models, where cognitive maps and abilities, social norms and biases are the main decision-making drivers [55]. A prominent example is the theory of planned behaviour, where perceived social pressure (“subjective norms”) and internal and external barriers (“perceived behavioural control”) are considered to have a fundamental role in agents’ behaviour [58]. Another approach is the Consumat model, where agents engage in and switch among different cognitive strategies, such as repetition or imitation, depending on their needs and uncertainty [59]. The application of cognitive models is largely lagging behind economic models in LU ABMs. In particular, the role of emotions, values and norms, important for environmental management, are often overlooked [16,54].




3.2. Heuristic ABMs


The majority of LU ABM studies from 2000 onward adopted ad hoc implementations of agents’ behaviours based on the knowledge and data collected for the specific case study and without theoretical justifications [16]. Among these, we define heuristic ABMs as ad hoc implementations that are still rules-based, i.e., where agents’ behaviour consists of clearly pre-set rules and processes, such as if-then statements [32,60]. This category, therefore, encompasses various approaches sharing an easy and intuitive interpretation [34].



Some heuristic ABMs rely on empirical rules of thumb, backed by empirical insights but extracted without computationally intensive methods. These rules can be inductively derived from qualitative and quantitative data, reproducing observed patterns and behaviours, obtained from direct observations and experts’ opinions or based on stylised facts abstracted from real-world studies [32,55,61]. Participatory ABMs are another heuristic approach. They directly involve stakeholders and decision-makers during each stage of the modelling process, enabling an easy design of behavioural rules and benefiting from real-time feedback [26,62]. They harness the bottom-up approach of ABMs, asking real-world entities that will be represented in the model how they would behave under different conditions.




3.3. Data-Driven ABMs


Agents’ decision-making can also be modelled without expressing pre-set rules and processes but strictly relying on observed data. We define these models as data-driven ABMs. This is not because empirical theory-based and heuristic models work without data. All types of models use data to varying degrees. However, in data-driven ABMs, the desired behavioural patterns are inferred by fitting statistical models to the available data or learned by training ML models on these [34,40]. These models define agents’ behaviour depending on internal parameters concerning the agents’ state variables and attributes and external ones related to other agents’ states and environmental conditions. With this approach, the modeller is not required to specify any pre-defined rule to express agents’ behaviour or interactions between agents and reciprocal influence. This can be particularly useful when these rules cannot be based on known theories and are not intuitive [63]. This can potentially reduce—but does not cancel, as will be highlighted in the framework description—the risk for modellers to project their subjectivity and worldviews in the ABM they are developing, which is a common pitfall [64,65]. The data-driven perspective is an important mark in the ongoing shift from KISS to KIDS modelling frameworks. In ABMs, the approach has historically been to design relatively simple agents’ and let complexity arise mainly from the hard-coded rules governing the interactions among them and with the environment [39]. Simple behavioural rules are attractive due to their easy interpretation but can result in simplistic representations of the agents and unrealistic results. Data-driven ABMs enable a departure from this paradigm to build complex agents, opening the possibility of considering a large number of variables within their behavioural model [39]. Moreover, some ML models can capture highly non-linear dynamics and behavioural rules, which are common in complex adaptive systems such as LU change.



Despite being hazy in many situations, a distinction between statistics and ML can be drawn in terms of purpose: while statistics focuses on inference, on understanding the data generation process, ML aims at generalisation, at prediction on out-of-sample data [66]. ML is, therefore, better suited than statistics for policy assessment, where predictive performance is fundamental [34]. ML can also handle datasets with a comparable number of variables and data points better than statistics [52,66], as can be the case in the agricultural census available at a certain aggregated level and surveys. This is also thanks to the ability of ML to build high-performance models without prior knowledge and without making explicit assumptions about the system [66]. Features (i.e., input variables) selection methods and algorithms training provide reliable methods to support the selection of the most important drivers of each behaviour. ML can, therefore, help reduce the impact of two common causes of low prediction accuracies of ABMs: the inclusion of many unreliable assumptions and the need to decide a priori which mechanisms to include and exclude [64]. For all these reasons, we argue that ML has the potential to support the development of robust data-driven ABMs for agricultural policy assessment.





4. Machine Learning and ABMs


ML generally refers to algorithms able to learn from data automatically. ML algorithms discover patterns in the datasets they are trained on and generalize the knowledge acquired [52,67]. Over the last two decades, ML experienced dramatic development and is nowadays one of the most rapidly growing technical fields [68]. ML algorithms have been applied in many different contexts, and their integration with computational simulations has been receiving increasing attention [69,70]. ABMs have taken part in this trend as well, and there has been a growing interest in the use of ML in and for them, especially from 2013 onwards [52,71]. These uses can be categorized into three main threads.



The first thread, by far the most common, consists of using reinforcement learning to equip goal-oriented agents with a dynamic learning process [52]. An example of this approach applied to residential land growth is given by [72], where household agents learn both from their past actions and interpersonal exchange. A reinforcement learning approach modified to consider agents’ bounded rationality served as inspiration for the framework proposed by [63]. This consists of generating agents training neural networks on data obtained during an “Experience” modelling stage, where the goal-oriented agents act and obtain rewards. Despite its interesting applications, such an approach is not purely data-driven, as defined here. In fact, the application of reinforcement learning does not require a dataset from which to elicit behaviours but the definition of goals and rewards, which has to rely on theoretical or heuristic rules.



The second application concerns the use of ML to support ABMs’ simulation experiments and results analysis. The empirical trend of ABMs and their increase in complexity, which allowed for a growing explanatory power, came at the cost of making the process of obtaining useful insights harder [65,73]. Clustering algorithms can group similar scenarios, and classification and regression algorithms can relate input values with the produced scenarios [73,74], for instance, used support–vector machine classification to study the equilibria between intensive and extensive agriculture based on external drivers, despite misclassifying 18% of the cases. More complex models can, moreover, create issues in terms of computational efficiency and tractability, which is also true for calibration procedures, and ML algorithms can help to cope with this issue despite the risk of sacrificing accuracy [69,75]. Finally, ML has also been used to improve the validation and verification of ABMs [52].



The third thread consists of a substantial integration of ML in ABMs to model agents’ behaviour by relying only on data. This corresponds to the data-driven approach suggested in this paper and will, therefore, be the focus of the following discussion. No general and accepted framework for the integration of ML in data-driven ABMs exists, despite some noteworthy attempts. In the field of innovation diffusion, mentioned [39] as the first to suggest a generic framework for data-driven ABMs. They studied the diffusion of solar panels adoption and showed the ability of data-driven ABMs to outperform a theory-based, utility-based approach. Additionally, [40] identified a handful of attempts to draft a data-driven ABM method from 2007, stressing that none presented a way to generate a model structure and individual agents from data. Therefore, they presented only “initial steps towards an agent-based modelling approach that focuses on individual-level data to generate agent behavioural rules and initialize agent attribute values” and applied it to a case study without comparing it to a more traditional approach. The absence of general guidelines is also, in part, justified by the very different context in which this modelling approach was applied and by the various possibilities in terms of the granularity and size of the data available in different fields [52].



For LU, the literature on ML and ABM integration is extremely scarce. We carried out a search on Google Scholar combining “machine learning” (or the names of the most used ML algorithms) with “agent-based model” (or terms commonly used interchangeably as “agent-based simulations” or “multi-agent simulations”) and “land-use”, and then reviewed the most cited results to see if they were actually using the ML algorithms to model agents’ behaviours, excluding papers employing reinforcement learning. Moreover, [76] used neural networks to model agents’ preferences on spatial planning, while [41] and [77] modelled the probability of LU change. We found only two studies addressing specifically agricultural LU. Furthermore, [50] used both qualitative and quantitative data collected through interviews and surveys to build a Bayesian belief network representing farmers’ decisions on whether to participate in a scheme of payments for ecosystem services. However, they still rely on a theoretical opinion dynamic model for social interaction and properly validate only the Bayesian belief network and not the entire simulation. Thus, [56] used a clustering and regression analysis to study the relation of LUs in Portugal with landscape characteristics. Additionally, these studies have limited spatial scope as they were performed at the county level. To our knowledge, the only LU ABM that takes a data-driven approach as defined here is ref [78], which relies on two ML algorithms to model the decision of Portuguese farmers regarding the installation of sustainable pastures in a payment for ecosystem services programme, without relying on any additional pre-defined behavioural rule.




5. A Framework for Data-Driven LU ABMs


This section builds on Section 2, Section 3 and Section 4 and presents our proposal for a tentative framework to develop data-driven LU ABMs. Section 5.1 presents the flowchart of a basic data-driven ABM timestep to provide a first idea of its functioning. Section 5.2 then lists and describes the stages required to construct such a model, highlighting the key issues.



5.1. Model Timestep


Figure 2 sketches the proposed data-driven ABM framework in its simplest possible form, i.e., with a population of homogenous agents taking the same single decision at each ABM timestep. LU ABMs usually run in discrete timesteps representing a month, a season or an agricultural year. At the beginning of each timestep, the agents sense all the variables required for their decision-making process regarding the state of the system and of other agents. The behavioural model of the agents, consisting of a previously trained ML model (as Section 5.2.4 explains), takes these variables as input and outputs the outcome of the decision. Then, the agents’ state variables are updated accordingly to record the changes, and, if needed, the model’s variables are also updated (for instance, to keep track of the diffusion of a certain practice). This concludes the ABM timestep, and the following one can start.



This description shows how the ABM architecture should strictly provide the required variables to the agents, trigger their behavioural model and update the state variables of the agents and of the modelling environment. Those operations should not introduce any theoretical or heuristic rule. The key component is instead the agents’ behavioural model, which completely determines the evolution of the system.




5.2. Model Implementation


Figure 3 shows the modelling stages of the proposed data-driven approach. This does not aim at providing strict guidelines but rather at sketching an implementation procedure for future case studies. It focuses on the stages concerning the ABM design and, in particular, the generation of the agents through ML algorithms. Data collection and manipulation are also extensively treated since, contrary to more traditional approaches, they highly influence the design of the ABM, and therefore, these stages have to be conducted in parallel with continuous feedback. The only analysis stage properly treated is the one concerning the ML models, characteristic of data-driven ABM. For the analysis of the ABM itself, we instead provide only some brief observations intended as initial points of discussion for future work.



5.2.1. Data Collection


A data-driven approach is characterized by the need for large amounts of micro-level data to train the ML models constituting the behavioural models. These are also the same data used to instantiate the state variables of the agents and of the modelling environment in the ABM. The required data depend, therefore, on the conceptual ABM design (0) and particularly concern the characterization of the farmers, the biophysical layer and LU.



The characterization of farmers requires socio-economic and demographic data, which can be retrieved mainly from agricultural censuses and surveys/interviews. Censuses usually cover the entire farmer population. However, censuses might be available only at a certain level of aggregation, creating problems in data matching for privacy reasons. The level of aggregation also influences the decision of the main decision-makers controlling LU and, therefore, the ABM design. The default choice is farmers, but if key data are available only at a more aggregated level, agents over multiple farms or municipalities can be defined. Censuses can often lack important variables, as the questionnaire is pre-determined and not tailored to the study. Surveys and interviews collect instead the specific information needed for the study but demand time and resources to conduct them. Resources needed to perform interviews can be reduced through collaboration with farmers’ organisations, which are an important proxy for social diffusion. They can, however, reach only a limited population, which may require over-sampling to represent the entire system of interest [32,44]. Acquiring data repeatedly over time for the same population is important to predict future trends (forecasting) [45]. Census data are normally available at repeated intervals, which are long and, therefore, may require interpolation for smaller timesteps.



Biophysical data holds particular importance in LU applications in order to characterise, for instance, the suitability of certain LUs. Remotely sensed data on climatic conditions and soil properties are retrievable through GIS software from geospatial datasets. The use of earth observation data enables surveying large areas systematically, which also makes it possible to create models applicable at multiple scales and for many farmers.



The accuracy of data on LU is particularly important, as it is usually the target variable of the models. If the target variables are incorrect, the ML models will output wrong predictions. LU data can also be obtained from censuses, surveys (as LUCAS) or information collected for the specific case study, such as project reports. Satellite images and maps can constitute another important source.




5.2.2. Conceptual ABM Design


The ABM design starts with the specification of who the agents are, which decisions the agents with decision-making power take, and which consequences these have. Here, there is no specification of how the agents make decisions. The framework only requires defining the sequence of decisions agents make, as each non-trivial decision requires the selection and training of one ML model. These ML models represent the single decision-making rules and compose the agent’s behavioural model. The decisions depend on the state of the agents. For instance, the current LU can restrict possible future choices for farmers. These specifications may need to be hardcoded. Hardcoded rules do not hamper the data-driven character of the approach as long as these rules are not assumed or based on theoretical explanations but the result of known or trivial facts. This is often the case for the consequences of decisions taken by the agents, such as the time needed before considering resowing or a new change of LU.



Agents make decisions under the influence of other agents and the state of the system. In the data-driven approach, this influence is represented by the variables that are used to train the ML behavioural models (Section 5.2.4). For instance, hardcoded social networks, peer influence and diffusion mechanisms can be replaced by proxy variables reporting the diffusion of a certain practice in neighbourhood of each farmer. The ABM design should specify the variables stored by each entity, the rules to update these and how these are sensed by the decision-makers. The modelling environment can be used to store any global information on the state of the system that the agents need to access, such as the diffusion of a certain practice. The rules to update these variables should be trivial and not introduce any theoretical assumption. Models may include additional economic and institutional entities such as governments, providing incentives and constraints for specific LUs and markets and defining price evolution. These agents may simply store variables that may change for scenario analysis and extrapolation or, if necessary, be equipped with proper data-driven behavioural models as well.




5.2.3. Data Manipulation


The design of the ABM (Section 5.2.2) identified the agents’ decisions that will be modelled through ML models. Each ML model must be selected and trained, requires a dataset composed of the target variable, i.e., the object of the agent decision, and requires the features to predict it. The various data collected (Section 5.2.1), therefore, have to be merged, linking each decision with the variables that might influence its outcome. The decision of which variables to include is key since these will be the only ones able to influence the specific process. Each data point of these datasets has to refer to a decision taken by an agent at a precise moment in time. A variable representing the time period should only be included to capture eventual changes in agents’ behaviour over time that cannot be represented by other available variables.



Due to the high number of variables that can be retrieved from all the data sources mentioned, a reduction of the number of features is usually advisable, especially for predictive purposes [33]. A first screening can be performed when merging the datasets, based on prior knowledge of the system, removing from the dataset variables known to be unrelated to a certain decision. Then, common ML feature selection methods can be employed to limit subjective decisions by the modeller. Filter selection methods can, at the same time, indicate the most important variables to keep and reveal their influence on the decisions. Some examples are the ANOVA (analysis of variance) [79] and Pearson Chi-squares test [80] or the calculation of correlation coefficients, statistics evaluating the strength of the relation between the target variable and the features. Carrying out a variance inflation factor (VIF) analysis can also help to reduce multicollinearity among features and thus improve the explanatory power of the ML models [81]. This selection process influences the ABM design since it determines the variables that each agent needs to sense and that, therefore, other agents and the modelling environment need to store.



A certain number of data points in the resulting dataset should be left aside to allow for validation of the ABM on independent data. For ABMs intended for forecasting, this split should be performed timewise. Validation data points should refer to the end of the timeframe. In this way, it will be possible to properly validate the final ABM on data for the future of those used to train the ML models.




5.2.4. Behavioural Model Generation


Each database created can, at this point, be used to select and train an ML model, which should then be saved in order to be embedded in the ABM software and compose the agents’ behavioural models. This procedure should follow common ML practices: test various ML algorithms, identify the most promising ones, tweak their hyperparameters and select the best-performing model through cross-validation. For each decision, the possible choices define the algorithm to be used: classification for discrete choices, such as whether to change or not LU, and regression for continuous ones, such as the extent of adoption of a certain practice.



Stochastic elements can be included in the behavioural models to harness ABMs’ capacity to account for uncertainty. Classification algorithms usually provide the possibility to output a probability distribution instead of a single class. Some decisions can be broken down into multiple stages, such as participation in a certain program: the first stage is the decision to participate or not (a binary classification), and the second is the extent of the eventual participation (a regression). This “double-hurdle” approach [82] can help to provide better estimations in datasets with a continuous response and many 0 s.



The choice of the ML algorithm has two important consequences. First, each ML algorithm can learn only a set of models. If the right model is outside this set, the algorithm will be able to reach only an approximate solution [67]. Second, some ML algorithms, such as classic tree-based ones, are unable to extrapolate. This is a problem when some features assume values outside the interval that they had in the data points used to train the model, as often happens in forecasting. It is, however, important to remember that the use of ML algorithms that are capable of extrapolating assumes that the agents would keep following the same behavioural rules under new conditions.




5.2.5. ABM Software Implementation


Due to the shift of complexity from agents’ pre-defined rules and interaction to the ML models, the ABM software implementation is a relatively straightforward procedure. The design of the conceptual model (Section 5.2.2) can be directly translated into code. The state variables of the agents and of the modelling environment should be initialised with the data corresponding to the year in which the simulation starts. The individual agents’ timestep can be constructed by uploading the trained ML models (Section 5.2.4) and coding their calls. However, modellers should pay attention to the choices made during the software implementation phase, which might imply assumptions about the functioning of the system. An example is the sequence of activation of the agents’ behavioural models: ABM can present very different results if the agents act sequentially or in parallel.



The correspondence of the implemented software to the conceptual model should be checked for coding mistakes, to especially ensure that the ML models predict as expected. A first check should ensure that the features are passed to the ML models in the exact order that was used to train them. A second check can consist in comparing the outcome of individual agents’ decisions in the ABM with the results that are obtained running the ML models outside the ABM.




5.2.6. ML Models Analysis


An analysis of the ML model predictions should be performed at any moment after these models are generated. This analysis should aim at improving the understanding of the agents’ decision-making rules represented by the ML models.



Some ML algorithms, such as those relying on polynomial relations and tree-based ones of limited size, can be directly interpreted. More complex ML models are often referred to as grey- or even black-box models for the difficulties of this process. Nevertheless, there has been significant progress in the interpretation of their results through so-called model-agnostic methods [83,84]. Simpler model-agnostic methods for specific purposes are, for instance, partial dependence plots to understand the marginal influence of one or two features on the model output [85] and permutation feature importance [86]. Arguably the most complete and theoretically robust model-agnostic method available at the moment to study ML models’ predictions is the SHAP (Shapley additive explanations) framework [87], based on game theory concepts, which, however, becomes computationally expensive when large datasets are involved.




5.2.7. Following Stages


In data-driven approaches, a calibration of the ABM itself should not be necessary. Calibration is usually required to define the values of some parameters of the ABM to match empirical data and can become a cumbersome process, especially in models that strive for increased realism and, therefore, include many parameters [75]. In our data-driven framework, the calibration process is substituted by the selection and training of the ML models. None of the rules hardcoded in the ABM should require an independent calibration since these rules should only represent known or trivial facts (see Section 5.2.2).



The ABM should be validated not only at the macro-level on aggregate patterns but also at the micro-level and on data unused to train the ML models and left aside, as specified in Section 5.2.3. These data should actually remain unknown to the modeller to allow for a proper validation intended to test predictions [33]. The micro-data used to develop the model can also assess how well the model predicts individual agents’ behaviour, avoiding the risk of generating the correct macro-level patterns with an incorrect micro-specification. This additional layer of micro-level validation improves the robustness of the ABM’s predictions, together with the cross-validation performed for the individual ML models [39,40]. If not possible to leave aside a validation set, data collection activities with the specific aim of validating the ABM can be designed. Another approach can be to use expert opinions, despite being qualitative and less reliable.



Uncertainty and, in particular, sensitivity analysis are important for policy assessment [15,33]. Uncertainty analysis should focus on the uncertainty both embedded in the input data and caused by their manipulation, being the most important determinants of data-driven ABMs outcomes. Sensitivity analysis is critical to provide macro-level explanatory insights on the ABM dynamics complementary to the ones from the ML models analysis, which are focused on the single decision-making rules. There is no accepted standardized method to conduct such analysis for traditional ABMs [65,88], and a data-driven approach is likely to complicate the process further. The development of a proper method to conduct uncertainty and sensitivity analysis of data-driven ABMs, supported by ML as described in Section 4, would constitute an important extension of the proposed framework. ML could additionally support ABMs’ output analysis, as also already described in Section 4.






6. Discussion


6.1. Challenges for Data-Driven LU ABMs


We identify two main challenges for the application of the proposed data-driven framework for agricultural policy assessment. The first is the difficulty of understanding data-driven ABMs. The literature often argues that if we are not able to understand the processes involved in the model any better than the real-world ones, the entire modelling effort is jeopardised [52,55,65,73]. A consequence is more difficult communication of the results, especially to non-scientists such as stakeholders and policymakers [30,45,54]. A better grasp of the factors determining farmers’ decisions can also help identify leverage points and design more effective policies. The structure of data-driven ABMs is simpler than more traditional models. The data-driven approach uses one or few ML models instead of the many hardcoded theoretical and heuristic rules of traditional approaches. However, the data-driven approach only “hides” this complexity inside the ML models composing agents’ behaviours. The introduction of the time-consuming stages of data collection and manipulation and ML model selection and training increases the difficulty of understanding the processes involved and of eliciting causal relations since these are not specified a priori and, therefore, easily recognizable [43,45,52]. The analysis of the ML models (Section 5.2.6) and a complementary sensitivity analysis on the entire ABM can help. However, these can be complex and long processes, especially when many ML models and data sources are used and are not guaranteed to provide straightforward insights. Improving these analyses is, therefore, fundamental, also because data-driven ABMs have the potential to become powerful explanatory tools. The ultimate aim of using ML algorithms is, in fact, the elicitation of patterns that are not intuitive to the modellers and that otherwise would not be included in the ABM. The interpretation of data-driven ABM can, therefore, provide even additional insights with respect to rules-based approaches, where these rules need to be pre-defined [42,89]. The modelling paradigm should, therefore, first focus on developing accurate ABMs and then use appropriate analysis to obtain reliable insights to communicate with stakeholders and decision-makers.



The second main challenge for data-driven ABMs concerns data availability and quality. Data availability restricts the applicability of our framework. For instance, it could not be applied to assess ex ante the introduction of a scheme of payments for ecosystem services, if we have no past data on the effect of the introduction of similar payments. If there are no data to train the ML models, they cannot evidently be used. Even when data are available, we should ensure their quality. The importance of the quality of the data fed to ML models’ performance is often summarised with the sentence “garbage in, garbage out”. Data are often more important than the ML algorithm used [43,67]. However, not all data have the same influence. The effects on the model’s outcome of the assumptions made when manipulating the data should be evaluated [43], first when analysing the ML models and then through uncertainty and sensitivity analysis on the ABM [65]. This can then help guide additional data collection. However, some key variables may simply be unavailable and impossible to collect due to time and resource constraints or because the past was not recorded. If even proxies for those data cannot be found, important modifications of the ABM may be needed, such as the integration of theoretical or heuristic rules to compensate.




6.2. Integration of Rules-Based and Data-Driven Approaches


The right balance between data and theory and how to link these two apparently opposite approaches is widely debated in the ABM community, also for LU applications [30,54,90]. When some data are unavailable, or their quality is deemed insufficient, the integration of theoretical and heuristic rules is necessary. In these cases, different rules can be tested and validated, and the results may also point out the potential value of collecting missing data [16,32]. Such rules can also be used to improve data quality, for instance, supporting the disaggregation of datasets or providing important missing features that can then be used to train the ML models.



Including theoretical and heuristic rules can, however, also be useful, even if unnecessary. Rules can improve understanding and communication of the model in cases when this is particularly relevant [16,91]. Qualitative insights collected through surveys, interviews and participatory modelling can be directly included in the model as heuristic rules while providing clear and immediate insights into the drivers of agents’ decision-making [60]. A specific example is the inclusion of mechanisms described by stakeholders, which, even when not improving results, can increase their engagement with the model and the odds of using results [15,43]. Heuristic insights can also help guide the screening of the features used to train the ML models and constrain them. For instance, [50] used experts’ knowledge to constrain and select the best structure of a Bayesian belief network trained with quantitative data. Another issue to consider is that a data-driven approach can only learn from past patterns and is, therefore, likely to lean toward business-as-usual predictions. Participatory modelling [92] or the inclusion of adaptive expectations, such as on prices [93], can help consider different future scenarios and disruptive events that may modify the decision-making process of the agents. Finally, theoretical and heuristic rules can be the basis of using reinforcement learning to equip agents with learning, as already described in Section 4.



The possibilities for integrating theoretical and, in particular, heuristic rules in data-driven ABMs are eventually so various and diverse that a systematic treatment is probably unfeasible. For policy assessment, the validation of the model at the individual level should remain paramount in order to verify the reliability of the included rules.





7. Conclusions


In this paper, we presented and discussed a framework for the integration of ML in data-driven ABMs focused on LU applications. This framework is identified by the following characteristics, which differentiate it from other more traditional approaches:




	
Use of empirical data since the very beginning of the modelling process and continuous feedback between model design and data collection and manipulation steps.



	
Agents’ behavioural models consisting of ML models learned from micro-data at the individual level, without relying on any pre-defined theoretical or heuristic rule.



	
No assumption on agents’ interaction and social networks, substituted by proxies for spatial and social influence used to train the agents’ behavioural models.



	
Validation performed on independent data at the macro-level and at the micro-level, improving the assessment of policy effects on the individuals.








This data-driven framework strives to harness the predictive power of ML algorithms, which is constantly improving. Data-driven ABMs could, in this way, better assess agricultural policies, evaluating their possible outcomes ex post and ex ante. The analysis of the trained ML models can shed light on decision-making rules and important drivers that would not be accessible otherwise, providing a potentially powerful but complex explanatory tool.



However, data-driven models are not completely free from assumptions. These are usually hidden, as in the choice of the features and the ML algorithm, in the tendency of ML models to reproduce past patterns and in the software implementation surrounding the ML models. There are methods to support some of these choices, e.g., for variables and algorithm selection, but modellers should keep in mind that their subjectivity can still influence the results. We identified the main challenges for the diffusion of data-driven ABMs in the increased difficulty of understanding their processes and retrieving the required data with sufficient quality. These issues could be addressed by developing proper methods for uncertainty and sensitivity analysis and treating how to integrate theoretical and heuristic rules without hampering predictive performances.



The data-driven framework we proposed constitutes a fundamental change of paradigm compared to more traditional approaches. We agree on the importance of understanding the processes within the ABM, but we argue that achieving robust predictions should be prioritized for policy assessment purposes. For complex and multidimensional human systems, an overemphasis on easily explaining a wrong model is useless (when not damaging). Accurate models can be useful even without a complete understanding of the dynamics involved. We believe that models with better predictive performance are likely to be used more by policymakers if their potential is properly demonstrated, even without mechanistic cause–effect rules for all the processes involved. To increase policymakers’ trust, a comparison of the predictive performance of our data-driven framework with rules-based approaches will be fundamental. In fact, despite some successful examples of data-driven ABMs, this approach still has to be properly tested in LU.
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Figure 1. Approaches to design agents’ behaviours in agent-based models (ABMs). 
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Figure 2. Flowchart of a basic timestep of the proposed data-driven agent-based models framework. 
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Figure 3. Modelling stages of the data-driven agent-based modelling framework and information or elements exchanged among these stages. 
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