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Abstract

:

Water resource management in agriculture faces complex challenges due to increasing scarcity, exacerbated by climate change, and the intensification of conflicts among various user groups. This study addresses the issue of predicting and managing these conflicts in the Longaví River Basin, Chile, by considering the intricate interactions between hydrological, social, and economic factors. A socio-hydrological agent-based model (SHABM) was developed, integrating hydrological, economic, and behavioral data. The methodology combined fieldwork with computational modeling, characterizing three types of agents (selfish, neutral, and cooperative) and simulating scenarios with varying levels of water availability and oversight across three water user organizations (WUOs). The key findings revealed that (1) selfish agents are more likely to disregard irrigation schedules under conditions of scarcity and low supervision; (2) high supervision (90%) significantly reduces conflicts; (3) water scarcity exacerbates non-cooperative behaviors; (4) high-risk conflict areas can be identified; and (5) behavioral patterns stabilize after the third year of simulation. This work demonstrates the potential of SHABM as a decision-making tool in water management, enabling the proactive identification of conflict-prone areas and the evaluation of management strategies.






Keywords:


socio-hydrology; agent-based modeling; water conflicts; water resource management; agriculture












1. Introduction


Watershed management is influenced by various governance structures and multidimensional human actions, encompassing biophysical, technological, social, cultural, and political aspects [1,2]. These factors shape spaces where social and natural elements interact, referred to as hydro-social territories [3,4,5]. In this context, it is essential to understand how the co-evolutionary dynamics and complex interactions between humans and water resources affect access to water and decision-making related to its distribution.



In their seminal works, Sivapalan et al. [6,7] introduced the concept of socio-hydrology to explicitly and quantitatively study the evolution of coupled human–water systems and the diverse trajectories of their co-evolution. This approach encompasses the potential for generating emergent behavior, understood as complex and often unpredictable patterns arising at the basin or regional scale. These patterns emerge from the intricate interactions between human and water systems, resulting from the confluence of multiple individual or local decisions and natural hydrological processes [5,8]. Thus, socio-hydrology, as a methodological approach, allows for understanding how human decisions and actions influence water resources and vice versa, becoming a valuable tool for the development and implementation of effective water resource management strategies, thereby contributing to the achievement of the Sustainable Development Goals [9].



Moreover, the integration of socio-hydrological models with agent-based models (ABMs) offers a synergistic approach to addressing the complexity of water systems [10,11]. While socio-hydrological models provide a framework for understanding macro-level interactions between human and water systems [12,13], ABMs enable a detailed representation of individual decisions and behaviors that give rise to these macro-level patterns [14]. This combination allows for capturing both the emergent dynamics at the system level and the individual decision-making processes that drive them.



Some relevant works in this regard include a study by Huber et al. [15], where the authors demonstrated how the integration of ABMs into socio-hydrological models (socio-hydrological agent-based modeling—SHABM) can enhance the understanding of farmers’ adaptive responses to water scarcity. Thus, the fusion of these approaches enables a multidimensional representation of complex systems, facilitating the exploration of future scenarios and the identification of more effective and sustainable potential interventions [16].



In Huber et al. [17], the focus was on evaluating water scarcity in the Alpine region using an SHABM model called Aqua.MORE. Its primary contribution lies in analyzing behavior and interactions within the human–water system. The researchers concluded that by combining annual runoff data, local runoff data, and land-use change scenarios with SHABM, it is possible to forecast potential future water scarcity scenarios.



In Guo et al. [18], the authors simulated agricultural water user systems under a water-saving compensation policy, analyzing the influence of agent sensitivity and learning capacity on agricultural income and household water consumption in the context of a subsidy program. One of the main conclusions of the study is that ABMs, by incorporating factors such as farmers’ sensitivity, learning capacity, and access to information, provide a deeper and more nuanced understanding of socio-hydrological systems than traditional top-down approaches, offering valuable insights for decision-making in sustainable water management.



Despite the significant advances achieved through the implementation of ABMs, a marked gap remains between the results obtained in theoretical studies and their practical application in real-world water management [19]. This disparity presents ongoing challenges regarding model validation and the effective communication of findings to decision-makers and other stakeholders. Bridging this gap is essential to fully harness the potential of ABMs in water management from a multidimensional perspective and to facilitate the adoption of more informed and sustainable decisions in this critical field.



In the context of limited water resources, the anticipation and management of water-related conflicts become imperative. The objective of this work is to develop and apply SHABM to analyze and predict water-related conflicts within water user organizations (WUOs). The model aims to identify factors driving non-cooperative behaviors and assess how water availability and supervision levels influence these dynamics, contributing to more equitable and sustainable water resource management.



The methodology incorporates precursors of conflict, including the characterization of agent personalities, water infrastructure, and crop typologies. The difference between water supply and demand is used as a catalyst for the reactions and interactions among agents. Such tools generate valuable information to support decision-making in the context of limited resources, where asymmetries in water access exacerbate tensions among the various stakeholders and decision-makers.




2. Methodology


The methodology is structured into three main components: site characterization, data collection through fieldwork, and the development of a socio-hydrological model. This approach enables the capture of the complexity inherent in the interactions between water users, irrigation infrastructure, and water management practices.



2.1. Study Site


The study area is located in the Longaví River Basin, in the Maule Region of Chile (   36 ∘   08 ′    S,    71 ∘   40 ′    W), covering a total area of 676 km2 (Figure 1). The region has a Mediterranean climate characterized by hot, dry summers and an average annual precipitation of 1051 mm, concentrated between May and August. The Longaví River originates in the Andes at 2000 masl, flowing for 120 km with a pluvio-nival regime and an average annual discharge of 2670 m3 min−1. The hydrology is characterized by a rainy and snowy season (May to August) and a snowmelt season (September to December) [20].



The primary economic activity in the Longaví River Basin is agriculture, where highly fragmented land areas (80% are small farmers with plots of less than 12 ha) coexist with forestry companies [21]. The peak water demand for agricultural activities occurs between September and March. The main infrastructure includes a storage reservoir with a capacity of 60 MM m3 and 22 primary canals for distributing water among users.



In July 2023, researchers conducted a comprehensive field study to investigate the complex dynamics of agricultural practices and water management in the Longaví River Basin. This study aimed to uncover the underlying conditions that contribute to persistent discrepancies in agricultural practices and to examine the mechanisms of conflict resolution within this context.



Eight semi-structured interviews were carried out with key informants, including the President, Secretary, Water Masters, and Board Members of the “Primera Abajo” canal. Prior to conducting interviews, the researchers obtained informed consent from all participants, ensuring they understood the nature of the study and their rights as subjects. These individuals were selected for their specialized knowledge and their ability to provide critical insights and contextual understanding essential to the research.



Data collection efforts focused on several key areas: water usage patterns, land use practices (with particular emphasis on predominant crop types), irrigation technologies, water distribution practices, infrastructure conditions, interactions among water users, and governance frameworks.



The field study provided valuable insights into the decision-making processes within WUOs and the management and operation of water distribution overseen by the Water Board (WB) known as the Longaví River Water Users Association (Junta de Vigilancia del Río Longaví, JVRL) (https://juntariolongavi.cl/, accessed on 17 November 2024). The JVRL, which oversees water distribution across the basin, is governed by a board of directors comprising representatives from 22 main canals. Each of these canals, in turn, is organized into individual WUOs that manage water distribution among end users via secondary and tertiary canals.



Water distribution to each of the 22 canals is based on a proportional allocation system, derived from the water rights (WRs) held by each user. WR is a legal concept granting the holder the right to use, enjoy, and manage a specific proportion of water. In Chile, WR is distinct in that it is expressed as a proportion of the total available flow in a water source, defined by an irrigation rate (L·s−1), rather than a fixed volume [22].



This particularity of the Chilean system means that the actual amount of water a WR holder can extract varies depending on hydrological conditions. In periods of abundance, the extractable volume is higher, while in times of drought, it is lower, but always maintaining the same proportional share of the total flow relative to their WR [23].



Specifically, in the Longaví River, the JVRL defines two operational modes that determine the amount of water allocated to each WR: (i) “Free River” from April to October each year, where users can access water without restrictions based on their WR, and (ii) “Regulated Irrigation” from September to March, which corresponds to the period of highest demand (agricultural irrigation), during which the water available per WR is proportional to the resource’s availability, which is often lower than users’ demand. To address this, the WUOs organize irrigation turns. These irrigation shifts allocate each farmer a set number of days, depending on the amount of WR they hold. The proper management of these shifts is crucial to prevent conflicts over water usage [23].




2.2. Proposed Model


Based on the information gathered during the field study, it was possible to understand the dynamics arising from the decisions of water users within water user organizations (WUOs) concerning the extraction of water beyond their allocated water rights (WRs) during the “Regulated River” period. A spatially heterogeneous agent-based model (SHABM) was developed, which considers three main actors (Figure 2): (i) the Water Board (WB), responsible for managing the provision and distribution of water by assigning irrigation rates (L·s−1) to each canal; (ii) the Canal Administrator (CA), who allocates the irrigation rates designated by the WB to the WUOs; and (iii) the Farmers (Fs), the final users of water, who decide whether or not to extract more water than their assigned allocation according to their WR.



It is important to highlight that this model adopts a bottom-up approach, where the system dynamics emerge from the individual decisions of each farmer. The core component of the model is the decision made by each farmer to either adhere to or disregard their assigned irrigation turn. These individual decisions, based on personal perceptions and contextual conditions, aggregate to form patterns of collective behavior and potential areas of conflict at the basin level. This approach allows for the capture of farmer heterogeneity and illustrates how individual actions impact water management at the system scale. To achieve this, SHABM employs a function to represent the multidimensional perception of an agent F (Equation (1)).


   F  P e r c e p t i o n   = α ·  I  P e r c e p t i o n   + β ·  E  P e r c e p t i o n   + γ ·  C  P e r c e p t i o n   ± ϵ ·  R  P e r c e p t i o n    



(1)




where   α , β , γ ,   and  ϵ  are the weights assigned to each of the dimensions considered in the multidimensional function   F  P e r c e p t i o n   ;   I  P e r c e p t i o n    represents agent F’s perception of the availability of water for irrigation;   E  P e r c e p t i o n    refers to agent F’s perception of production costs, the market value of the product, and the profitability of the investment;   C  P e r c e p t i o n    concerns F’s perception of the water status of their crops; and   R  P e r c e p t i o n    is agent F’s perception of the regulations governing water use.



Recent studies [24,25] underscore the variability in the perception of these rules, highlighting the importance of sanctions in maintaining cooperation among agents, with positive, negative, or neutral impacts depending on the context. In our SHABM, this dimension is influenced by the personality of agent F, and for this, a prosocial behavior classification has been applied, categorizing agents as cooperative, selfish, or neutral [26,27,28]. Thus, selfish agents often perceive rules negatively, seeing them as constraints on their personal interests; in contrast, cooperative agents tend to value rules positively, viewing them as promoting cooperation and collective well-being. Neutral agents F typically exhibit a balanced or indifferent response to the rules, meaning their perception of   R  P e r c e p t i o n    can be neutral or have minimal impact on their overall assessment [29,30].



The decision of an agent F to ignore or respect their assigned turn was determined by comparing the agent’s perception (Equation (1)) with a threshold value (Equation (2)).


  T h r e s h o l  d  I g n o r e  S h i f t   = P r o b a b i l i t  y  I g n o r e  S h i f t   ·  O c   



(2)






   O c  =    100 − O v e r s i g h t %  100    



(3)




where   P r o b a b i l i t  y  I g n o r e S h i f t     represents the probability that agent F will ignore their assigned irrigation turn, and   O v e r s i g h t %   refers to the intensity of oversight in ensuring compliance with the irrigation shifts assigned to the users. This supervision is carried out by the water master of the WB, ranging from 0 to a maximum of 100%, while   O c   denotes the normalized complement of   O v e r s i g h t %  .



The prosocial behavior ranges for agent F, as defined by [31], were 10–30% for cooperative agents, 40–60% for neutral agents, and 80–100% for selfish agents. The probabilities of each agent F ignoring their turn were randomly varied within these defined classification ranges using a uniform probability function [32,33].



Regarding oversight, and based on data gathered from interviews with relevant actors in the “Primera Abajo” canal, which emphasized the critical role of supervision by the Local Water Users Board (JVRL) in ensuring that each WOU extracts the appropriate volume of water, the model implemented a monitoring staff allocation that depends on the canal’s length and the complexity of the distribution network [34] (Equation (3)). Thus, a minimum of 2 inspectors per canal was assigned for low levels of supervision (0–20%), progressively increasing to 9–10 inspectors for the highest levels (81–100%).



Once the values of   F  P e r c e p t i o n    and   T h r e s h o l  d  I g n o r e  S h i f t     are obtained, they are subjected to the decision calculation of whether to “Respect” or “Ignore” the irrigation turn (Equation (4)).


  Decision =      Respect  Shift ,     if   F  P e r c e p t i o n   > T h r e s h o l  d  I g n o r e  S h i f t         Ignore  Shift ,     if   F  P e r c e p t i o n   ≤ T h r e s h o l  d  I g n o r e  S h i f t         



(4)








2.3. Simulation Scenario


The SHABM model was applied to three WOUs (WOU 1, WOU 2, and WOU 3) associated with the canal “Primera Abajo” (Figure 3). The simulation was conducted with a temporal horizon of 5 years, employing a daily temporal resolution. This study period provides an adequate time-frame to analyze patterns in farmer behavior, including their adaptation to changing conditions and the potential evolution of conflicts, which is particularly relevant when a constant cropping pattern is maintained despite environmental and management variations. Additionally, this duration strikes a balance between capturing medium-term trends and ensuring computational efficiency, which is crucial for an agent-based model (ABM).



A total of 22 agents were characterized, distributed among the three WOUs. Each agent represents an individual plot and is classified according to its behavior into one of three prosocial behavior categories. The final distribution resulted in 10 selfish agents, 5 neutral agents, and 7 cooperative agents. Information on crop performance and production costs was obtained from the Office of Agricultural Studies and Policies (ODEPA) [35].



Table 1 presents the cropping pattern and the total planted area for each of the three WOUs. This cropping pattern was obtained from work conducted by Lillo-Saavedra et al. [21].



Based on this cropping pattern, the water demand for the crops present in the three WOUs was determined, which was estimated using the potential water demand (PWD) for each crop. These values were obtained from a study conducted by Lillo-Saavedra et al. [21] for the same study area. The methodology begins by calculating the adjusted crop evapotranspiration (   E T  c  k , i    ^  ) using Equation (5):


    E T  c  k , i    ^  = E T  r i  ×   K  c  k , l    ^   



(5)




where   E T  r i    is the reference evapotranspiration for day i, and    K  c  k , l    ^   is the adjusted crop coefficient (Equation (6)), obtained from the linear relationship between the FAO crop coefficient [36] and the leaf area index (LAI), which was calculated using Sentinel-2 satellite images through Sen2Agri operational system [37] (https://www.esa-sen4stat.org/sen2agri/, accessed on 17 November 2024).


    K  c  k , l    ^  =  a  k  c k    × L A  I  k , l   +  b  k  c k     



(6)




where   a  k  c k     and   b  k  c k     are the coefficients of the linear relationship linking the crop coefficient   K c   and the leaf area index (LAI) for each crop k.



Finally, the PWD is determined using Equation (7):


  P W  D  i , j   =  ∑  k = 1  n      E T  c  k , i    ^   C  E j      



(7)




where   C  E j    is the conveyance efficiency of canal j.



To determine the F agent’s perception regarding production costs, the market value of the product, and investment profitability, the information available in [35] was used, as summarized in Table 2 for the crops present in the three WOUs.



A 5-year time series (2017–2022) of actual water availability for the study area was used. From the Climatic Explorer database (https://explorador.cr2.cl/, accessed on 17 November 2024) [20], the daily average flow values of the Longaví River, measured at the La Quiriquina gauging station, were extracted for the “Regulated River” period, excluding the “Free River” periods from the analysis, as, during that time, water demand was lower than availability.



Figure 4 presents the time series of daily average flows available in three scenarios: actual, increased by 20% compared to actual, and decreased by 20% compared to actual. In addition, it shows the total potential water demand (PWD) for crops in each WOU.



Regarding the efficiency of distribution and application systems in the orchards, a conveyance efficiency of 75% was considered, corresponding to unlined canals, which is the condition for most of the JVRL canals. Different application efficiencies were considered according to the irrigation method: 30% for flood irrigation, 45% for furrow irrigation, and 90% for drip irrigation.



To simulate water losses during its conveyance to the plots, a sectional efficiency was established. The canal was divided into three segments, with decreasing efficiency assigned to each reach: upstream (90%), midstream (80%), and downstream (70%).



To analyze the behavior of agents under different water availability conditions and assess their response to water usage shifts, simulations were conducted with varying levels of water availability during the “Regulated River” period. These simulations included a scenario with actual availability, one with an increase of 20% and another with a reduction of 20% compared to actual availability (Figure 4). Furthermore, three levels of enforcement of water usage shifts by the JVRL were considered: low (10–30%), medium (40–60%), and high (70–90%).



Finally, the coefficients of Equation (1) were adjusted with equal values—  α = β = γ = ϵ = 0.25  —thus assigning equal weight to each component of the   F  P e r c e p t i o n   .



The SHABM framework was implemented using Python 3.11.7, selected for three key capabilities essential for socio-hydrological modeling: its extensive scientific computing libraries (NumPy and Pandas) for processing hydrological time series, native support for agent-based modeling through object-oriented programming, and efficient integration with geospatial analysis tools. The development environment integrated Jupyter Notebooks for interactive data analysis and result visualization. For data management, MongoDB Compass 1.42.5 was chosen after performance testing demonstrated its superior capabilities in handling heterogeneous data from multiple water users and providing the necessary scalability to process millions of daily water usage records. The integration between Python and MongoDB was implemented through PyMongo, enabling seamless data flow throughout the simulation process while maintaining performance in large-scale socio-hydrological modeling scenarios. The SHABM framework was implemented using Python 3.11.7, which provided a stable and versatile environment for the development of the agent-based model. Furthermore, MongoDB Compass 1.42.5 was used to manage the data, offering an efficient and scalable solution to handle the large datasets required by the simulations of the model.





3. Results


The analysis of the results focused on the likelihood that an F agent would ignore their irrigation turn, considering different levels of supervision and the water availability scenarios described in Section 2.3.



Figure 5 illustrates the distribution of F agents’ decisions regarding whether to respect or ignore irrigation turns under varying supervision conditions and water availability scenarios. It is organized into three sections, representing different water availability scenarios: (i) a 20% reduction from the actual level, (ii) the actual level, and (iii) a 20% increase from the actual level.



Each section contains three graphs depicting the relationship between the supervision levels (10%, 50%, and 90%) and the distribution of F agents’ decisions based on their perception,   F  P e r c e p t i o n   , as described in Equation (1). These decisions are further broken down according to the prosocial behavior classification of the F agents (selfish, neutral, cooperative).



It is observed that as supervision increases, F agents tend to respect irrigation turns more frequently, particularly with 90% supervision. This is especially evident among selfish F agents, who are initially more likely to ignore turns but adjust their behavior with higher levels of supervision. Regarding water availability, when reduced by 20%, F agents, particularly selfish ones, tend to ignore the turns more frequently, indicating that water scarcity increases competition among users. On the other hand, cooperative F agents show a consistent tendency to respect turns, even with low supervision levels, reflecting a predisposition toward cooperative behavior. This analysis suggests that increasing supervision could be an effective tool for promoting equitable and sustainable water use, particularly in scenarios of scarcity.



When comparing the behavior of the three prosocial classifications of F agents in relation to water availability, significant differences emerge. Selfish F agents are the most sensitive to water availability; they tend to ignore irrigation turns when there is a 20% reduction in water resources, reflecting competitive behavior. In contrast, when there is a 20% increase in water availability, their behavior becomes more permissive, showing a reduced need for competition. Cooperative F agents consistently respect the turns, regardless of water availability, suggesting a strong inclination toward cooperation and sustainable resource management. Neutral F agents exhibit intermediate behavior, adjusting their decisions according to the availability of water, but less drastic than selfish agents.



In general, the abundance of water tends to minimize the behavioral differences between the three types, whereas scarcity exacerbates tensions and competition, particularly among selfish and neutral agents. This highlights the importance of considering user personalities in water resource management, especially under conditions of water variability.



Figure 6 presents the temporal evolution of the behavior of selfish and neutral F agents in relation to the number of plots that ignore irrigation turns, considering different water availability conditions and levels of supervision over a five-year study period. This analysis reveals a complex dynamic of adaptation and response to environmental conditions and supervisory intervention.



As the years progress, the F agents adjust their resource usage strategies, reflecting a learning process in response to both supervision levels and water availability. In the initial years, the number of plots ignoring irrigation turns is higher, particularly among selfish F agents under conditions of low supervision. This suggests that, at first, F agents explore the potential for individual gains when the perceived risk of supervision is low. However, by the third year, a stabilization in behavior patterns is observed, indicating that F agents have adjusted their expectations regarding the likelihood of sanctions. Water availability significantly modulates the competitive pressure among F agents. In scarcity scenarios (with a 20% reduction in supply), even in the later years, notable differences persist between selfish and neutral agents, with selfish agents continuing to ignore irrigation turns more frequently, especially under low supervision. This indicates that competition for resources remains strong when availability is limited, and supervision serves as a necessary mechanism to balance this tendency.



In contrast, in scenarios with actual or increased water supply (by 20%), competition decreases, and the behaviors of both groups become more aligned, particularly from the third year onward. Supervision proves to be a critical factor in moderating the behavior of F agents, especially in the early years of the analysis. Under 10% supervision, the number of F agents ignoring turns is significantly high, especially among selfish agents. However, as supervision increases to 50% and 90%, the number of plots ignoring turns decreases, reflecting an adjustment process in which the perception of a higher risk of sanctions deters opportunistic behavior. By the fifth year, this reduction becomes more pronounced, suggesting that consistent supervision over time not only has an immediate impact but also promotes long-term behavioral change.



Neutral F agents exhibit more stable behavior throughout the five years, regardless of water availability. This is due to their lower inclination to ignore irrigation turns, which is further reinforced by higher levels of supervision. Although they also respond to changes in supervision, their tendency to respect irrigation turns indicates a lesser need for adjustment compared to selfish agents, showing lower variability in their decisions over time.



The temporal evolution of F agents’ behaviors in relation to supervision and water availability demonstrates how the dynamics between resource pressure and regulation shape user strategies. The early years reflect a period of adjustment and boundary testing, while the later years indicate greater stability and adaptation to system rules. This highlights the importance of implementing a progressive and adaptive supervision regime that influences behaviors early on and then maintains long-term stability. A combination of effective supervision and adjustments based on water availability could be key to achieving more equitable and sustainable use of water resources.



Figure 7 presents a spatial analysis of the number of irrigation turns ignored by different prosocial behavior classes of F agents under various levels of supervision and water availability in WUO 1 during the fifth year of the study period. The color scale indicates the density of irrigation turns ignored by F agents in each plot.



From Figure 7, it can be observed that the relationship between water availability, the prosocial behavior of F agents, and the number of irrigation turns ignored reveals a complex interaction where resource scarcity exacerbates behavioral differences among various types of users. In scenarios of a 20% reduction in water availability, competition for the resource intensifies, leading selfish F agents to prioritize their individual needs over established rules, resulting in a significant increase in the number of irrigation turns ignored. This trend reflects a strategic behavior in which selfish F agents maximize their access to the resource when it is perceived as scarce, especially when the probability of sanctions is low, particularly under reduced levels of supervision.



In contrast, neutral and cooperative agents tend to maintain behavior that is more aligned with the rules, even in scarcity conditions, though neutral agents exhibit some adaptive flexibility in response to changes in availability and supervision.



As water availability increases (by 20%), pressure on the resource diminishes, and the competitive behaviors of selfish F agents become more moderated, aligning more closely with the behaviors of cooperative agents. This suggests that in contexts of water abundance, the differences between the three prosocial behavior types blur, as the need for competition for the resource decreases. However, the role of supervision remains critical. Even with greater water availability, high supervision (90%) is necessary to ensure stability in compliance with irrigation turns, discouraging opportunistic strategies by more competitive agents.



The fact that this behavior is observed in the fifth year, the last of the study period, suggests the presence of adaptation and learning patterns over time by F agents. In the early years, it is likely that F agents experimented with different strategies in response to water availability and supervision levels, adjusting their behavior based on the perceived effectiveness of each strategy in maximizing their benefit. By the fifth year, the observed behaviors reflect a more stable state of this adaptive process.



Specifically, the fifth year shows that selfish F agents have learned to adjust their strategy according to supervision and water availability, reducing the number of ignored turns when supervision is high or the resource is abundant, but maintaining more competitive behaviors in contexts of low supervision and scarcity. This indicates that their behavior, though initially opportunistic, has been modified over time in response to the signals from the water management system.



Overall, the analysis of the final year reveals that the dynamic between water availability, the prosocial behavior of F agents, and supervision levels depends not only on the current conditions but also on a process of adjustment over time. This highlights the importance of water management policies that not only consider the immediate situation but also recognize how resource users adapt over multiple cycles, adjusting their behavior based on accumulated learning and experience within the system of supervision and water distribution.




4. Discussion


This study demonstrates the potential of SHABM in understanding and predicting water-related conflicts in agricultural settings. The integration of diverse information sources, including water rights, operational dynamics of the JVRL, and crop-specific water consumption, enabled the creation of a comprehensive representation of a socio-hydrological system. The model’s ability to capture the complex interplay between water availability, supervision levels, and the prosocial behavior of F agents provides valuable insights for water resource management.



The results reveal a strong relationship between water availability and the behavior of F agents, particularly selfish ones. In scenarios of water scarcity (a 20% reduction from real levels), selfish F agents were significantly more likely to ignore irrigation turns, especially under conditions of low supervision. This finding aligns with previous studies on resource competition in scarcity environments [38]. In contrast, the behavior of cooperative F agents remained relatively stable across different water availability scenarios, suggesting that prosocial behavioral traits play a crucial role in determining responses to water stress.



The observed behavioral patterns underscore the importance of considering individual agent characteristics in water management strategies. As noted by Ataei et al. [39], prosocial behavioral factors are critical for understanding the actions, reactions, and motivations of agents. Incorporating these factors into our model allows for a better understanding of how different types of users might respond to changes in water availability and management policies.



In line with the findings of Charakorn et al. [24] and Zhang et al. [25], the effectiveness of supervision in reducing conflicts emerged as a key finding. Higher levels of supervision (90%) significantly reduced the number of ignored irrigation turns across all types of F agents, though the effect was most pronounced among selfish F agents. This suggests that robust monitoring and enforcement mechanisms can be powerful tools in promoting equitable water use, even in the face of resource scarcity. However, it is noteworthy that cooperative F agents exhibited less variation in their behavior across different levels of supervision, indicating that differentiated management strategies might be more effective depending on the predominant type of F agent in a given area. This aligns with findings on the optimal balance between rule enforcement and trust-building in resource management described by Jiménez et al. [40].



The spatial analysis of ignored irrigation turns revealed critical points of potential conflict, particularly in areas dominated by selfish F agents under conditions of low supervision. This spatial heterogeneity in conflict potential underscores the need for targeted interventions and potentially differentiated management strategies within a single WOU.



The temporal evolution of F agent behavior over the five-year simulation period provided insights into learning and adaptation processes. The stabilization of behavioral patterns after the third year suggests that F agents adjust their strategies based on experience with the system’s responses to their actions. This finding has implications for the design of water management policies, indicating that an adjustment period should be expected when new rules or conditions are introduced.



While SHABM demonstrates significant potential as a decision-support tool for water managers, several limitations must be noted. The quality of the model’s results is highly dependent on the accuracy and comprehensiveness of input data, particularly regarding agent characteristics and decision-making processes. As observed in the challenges faced during data collection, while technical and operational information was accessible, social data on farmers and their motivations were more difficult to obtain. This highlights the need for interdisciplinary approaches and potentially more social science research to inform such models [21].




5. Conclusions


This work has expanded our understanding of water conflicts in agricultural systems. The findings emphasize the necessity of a comprehensive approach to water resource management, combining three key elements: social factors, supervision mechanisms, and water availability conditions. The integration of these components appears essential for developing more effective and sustainable water management strategies in agricultural contexts.



There is a notable influence of water users’ personalities on their behavior in response to water availability and supervision levels. F agents categorized as selfish exhibited a higher propensity to ignore irrigation turns, particularly in scenarios of water scarcity and low supervision. This finding underscores the importance of considering individual user characteristics when designing water management strategies.



Supervision proved to be effective in reducing conflicts. Higher levels of supervision (90%) significantly decreased the number of ignored irrigation turns across all types of F agents, with the most pronounced effect observed among selfish agents. This suggests that implementing robust monitoring and enforcement mechanisms can promote more equitable water use, even under conditions of scarcity.



The reduction in water availability increased non-cooperative behaviors, especially among selfish F agents. This result highlights the importance of adopting adaptive management strategies in scenarios of water scarcity.



The spatial analysis revealed areas of higher conflict risk, particularly in zones dominated by selfish F agents and under low supervision. This finding indicates the need for targeted interventions and differentiated management strategies within a single water user organization.



The temporal evolution of F agents’ behavior demonstrated a stabilization of patterns after the third year of simulation, indicating a process of learning and adaptation. This observation is relevant for the design and implementation of water management policies, suggesting the necessity of considering an adjustment period when introducing new rules or conditions.



From the above, the results underscore the critical importance of considering social and behavioral factors in water planning and management, paving the way for more sustainable and equitable strategies in the use of this resource.



While this study demonstrates the potential of SHABM for analyzing water conflicts, several limitations must be acknowledged. Model limitations include the assumption of fixed personality types for agents, reliance on interviews for social parameters, and the absence of dynamic climate change effects. Future research should focus on developing adaptive personality models that evolve based on user interactions, incorporating climate change scenarios, and applying machine learning techniques to improve early prediction of water conflicts.
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Figure 1. Geographic location of the study area within the Longaví River Basin, Maule Region, Chile (   36 ∘   08 ′    S,    71 ∘   40 ′    W, Datum WGS 84). The map shows the irrigation network managed by the Longaví River Water Users Association (JVRL), which comprises 22 main canals, with emphasis on the “Primera Abajo” canal selected for this study. 
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Figure 2. Schematic representation of water distribution system showing flow dynamics and hierarchical interactions among key stakeholders: Water Board (WB), Canal Administrator (CA), and Farmers (Fs). The diagram illustrates the decision-making processes in water allocation and management from the intake structure to end users. 
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Figure 3. Spatial distribution of three Water User Organizations (WOUs) along the “Primera Abajo” main canal. These areas were selected to implement the SHABM (Socio-Hydrological Agent-Based Model) to analyze potential water conflicts among 22 farmers exhibiting different behavioral patterns (selfish, neutral, and cooperative) in their water management practices. 
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Figure 4. Temporal evolution of available flow and potential water demand (PWD) for all crops in each of the studied WOUs. 
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Figure 5. Distribution of F agents’ decisions (to respect or ignore irrigation turns) based on supervision levels and water availability, disaggregated by prosocial behavior classification type (selfish, neutral, cooperative). 
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Figure 6. A comparative analysis of the number of F agents ignoring irrigation turns over the five-year study period, under different levels of supervision (10%–90%) and three water availability conditions: a 20% reduction from actual levels, actual levels, and a 20% increase from actual levels. 
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Figure 7. Spatial distribution of non-compliant irrigation practices in WUO 1 during the fifth year of simulation. The color intensity represents the frequency of ignored irrigation turns by Selfish (red) and Neutral (green) agents under different scenarios: supervision levels (10%, 50%, 90%) and water availability conditions (baseline, 20% from baseline). Darker shades indicate higher frequencies of non-compliance per plot. 
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Table 1. Cropping pattern used for the 5-year simulation period for each of the WOUs.
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	WOU
	Maize
	Wheat
	Blueberry
	Alfalfa
	Asparagus
	Total Area (ha)





	1
	51%
	41%
	2%
	6%
	-
	289



	2
	8%
	14%
	40%
	22%
	15%
	367



	3
	43%
	50%
	-
	7%
	-
	259










 





Table 2. Crop Economic and production aspect summary.






Table 2. Crop Economic and production aspect summary.





	Crop
	Market

Price

USD/Kg
	Production

Cost

USD ha−1
	Yield

kg · ha−1
	Irrigation





	Maize
	0.29
	1424.83
	6440
	furrow



	Wheat
	0.32
	837.11
	3450
	flood



	Blueberries
	1.89
	18,683.21
	11,500
	drip



	Alfalfa
	0.10
	1303.56
	18,000
	flood



	Asparagus
	0.92
	3183.49
	5000
	furrow
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