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ABSTRACT
Food and water insecurity have repeatedly believed to trigger polit-
ical instability across history from Late Ming China (1630s famine),
French (1780s) and Russian (1917-1918; both food scarsity) Revo-
lutions to the Arab Spring (2010-2011 food price spikes) and 2021-
2022 Kyrgyzstan-Tajikistan conflict (water scarcity). Yet these cases
mostly lacking systematic data-driven analysis resulting in very
limited predictive and preventive frameworks. Our research inte-
grates agent-based modeling, game theory, and causal inference to
understand root causes, event dynamics, and design robust policies
for conflict prevention and mitigation. Thesis contributions are
(1) agent-based model with heterogeneous strategic agent types
(farmers, governments, suppliers, consumers, suppliers) capturing
resource scarcity dynamics and agents response; (2) investigation
of equilibrium robustness of agents behavior under adversarial in-
fluence;(3) interpretable policy design via LLM-augmented expert
knowledge extraction and multi-agent reinforcement learning. Fi-
nally, I plan for retrospective analysis of historical conflict cases
outlining augmented perspective on the real reasons behind them.
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1 INTRODUCTION
Agriculture faces a dual challenge: increasing production to meet
rising demand while adapting to much more volatile climate condi-
tions that shift precipitation patterns, temperature extremes, and
therefore water and food availability. As a result, food and water
crises may occur more often across the globe, especially in regions
with high population density and climates that are already unfa-
vorable for agriculture. Historically, a strong correlation has been
observed betweenmajor food crises and political instability that can
lead to military conflict [15]. Notable historical cases include the
collapse of the late Ming Dynasty in China (1630s–1644; famine),
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the French Revolution (1770s–1780s; grain crisis/Flour War [39]),
the Russian Revolution (1917; bread shortage [38]), and more recent
events such as the Arab Spring (2010–2011; high food prices [10, 14])
and the Syria war (2006–2010; drought [7, 12]). Finally, despite food
vs. crisis correlation, conflicts often have more complex causes
where lack of food and water is not the only driver. For example,
global food prices spiked in 2007–2008, but only about 40 countries
experienced riots [4]. Furthermore, Tunisia, the Arab Spring epicen-
ter, maintained low food price pass-through through subsidies [5].
Power disruptions might be another major factor [6, 9, 17, 29].

We employ multi-agent modeling coupled with assessment of
water availability, land fertility, and crop yields to understand root
causes, dynamics, and policies that can reduce the risk of con-
flict. With this framework, we aim to predict potential future con-
flict risks and develop prevention policies when possible. In our
study, we use several classes of agents, including farmers (who may
hoard grain when anticipating further price increases, amplifying
scarcity), governments (export bans that increase global shortages;
subsidies that deplete budgets; repression that escalates unrest),
suppliers (speculation and market manipulation), and other actors,
each parameterized by a small number of interpretable parameters.
Each agent optimizes its own reward function, resulting in a (mean-
field) saddle point optimization problem. A substantial part of the
work focuses on designing policies based on LLM-augmented ex-
pert knowledge and mean-field multi-agent reinforcement learning
(MARL) [34, 35]. Preventive policies (subsidies, strategic reserves,
water treaties) aim to avoid escalation and must be interpretable
for stakeholders and robust, meaning effective even when agents
adapt or when external actors attempt to manipulate behavior.

Core thesis. By integrating agent-based modeling of heteroge-
neous strategic behavior with learned behavioral distributions, ro-
bust optimization, and causal inference, we can build interpretable
models that identify early warning signals and support robust pre-
ventive and corrective policies for food- andwater-driven instability.
In addition, the resulting framework can help clarify the drivers
behind historical conflicts and inform ways to prevent future ones.

2 BACKGROUND
Related work. In [25], the authors developed an agent-based

model (ABM) for global food security and food riots, simulating
production shocks and analyzing riot emergence. Their model was
validated on the 2007–2008 crisis but lacked strategic agent opti-
mization. In [1], ABMs were used for food systems with spatial
interactions, demonstrating how township protests spread via agent
dynamics. For water, [31] proposed coupled ABM–drought models
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analyzing human–drought feedback, but without game-theoretic
strategic agents. Water allocation risks are studied in [3, 19, 20, 23].

Causal inference from historical data is an important part of
this work. Structural causal models (SCMs) formalize causation via
directed acyclic graphs and structural equations [26]. SCMs enable
counterfactual reasoning (e.g., “What if France had grain reserves
in the 1780s?”) and causal effect identification from observational
data [27]. For political instability, [8] applied causal frameworks to
revolutions, identifying necessary vs. sufficient conditions. In [39],
climate conditions were used as an exogenous shock to estimate the
causal effect of harvest failure on French Revolution peasant revolts,
finding a significant positive effect [39]. Related causal evidence is
discussed in [12]. Self-learning could help with limited data [2, 21].

Finally, several case studies support the view that water and
food scarcity can contribute to social instability. In [39], the authors
quantified the causal effect of droughts on social instability, focusing
on the French Revolution. A strong correlation between food price
index peaks and riot onset during the Arab Spring was reported
in [14], with a notable exception of Tunisia [22]. Political conditions
and unemployment were important co-factors as well [11].

Gap. Despite substantial interest in this topic, an end-to-end
pipeline that jointly analyzes multiple correlated factors (water and
food availability, social and macroeconomic factors), their roles in
conflict risk and dynamics, and practical ways to mitigate risk is still
largely missing. Furthermore, to the best of our knowledge, there
is no standardized dataset that allows the researchers to compare
methods on this problem. This thesis goal is to close these gaps.

3 COMPLETED AND ONGOINGWORK
This thesis develops an integrated, dynamic model of food and wa-
ter security in which environmental degradation, climate variability,
and strategic behavior jointly shape the emergence of scarcity, mi-
gration, and political instability. The central premise is that crisis
dynamics are rarely driven by climate shocks alone: they are am-
plified (or dampened) by responses from farmers, markets, and
governments, as well as by slower-moving constraints such as soil
degradation and declining land productivity.

The first component constructs a land fertility module that treats
soil quality as a state variable evolving over time. It was addressed
earlier [13, 24, 28, 30, 36, 37] by assessing future land fertility/risks
under different climate change scenarios. The results support our
concern that highly populated regions may face major agricultural
risk. In addition, we can model not only future conditions but also
past conditions, which allows for the assessment of major episodes
of political instability. Important adjustments are still needed: sup-
ply chains, crop yields, and other factors must be calibrated to
reflect technological, behavioral, and logistical changes over time.

The second component builds a multi-agent simulation of food
and water systems with heterogeneous agents, including producers,
consumers, intermediaries, and state actors. Agents differ in wealth,
landholdings, risk preferences, geographic exposure, and access to
information, and they operate under different levels of strategic
complexity. In ongoing work, we experiment with the number and
types of agents to produce a simple but powerful and interpretable
framework. To scale strategic interaction to very large populations,
the dissertation uses mean-field multi-agent reinforcement learning

to approximate local interactions through aggregate neighborhood
effects, enabling analysis at the scale of millions of farmers while
retaining adaptive decision-making [40]. A complementary work
in progress focuses on learning behavioral responses to weather
and price shocks so that behavioral distributions [33] can shift
endogenously as conditions change.

The third component provides a theory and robustness layer
that explains when decentralized behavior becomes collectively
harmful and how policy can shift incentives. Resource scarcity is
framed as a strategic setting in which farmer hoarding and gov-
ernment interventions (subsidies, export controls, reserve releases)
can admit Nash equilibria that are privately rational yet socially
suboptimal, producing amplification dynamics consistent with pris-
oner’s dilemma and commons-type failures. The dissertation also
studies robustness under adversarial manipulation and distribution
shifts in behavior by evaluating policies under worst-case stress
tests (disinformation, logistical sabotage). This work is in progress
and planned for the next 12 months.

The final component translates model insights into interpretable
prevention policies and validates the framework against historical
cases. Policy design emphasizes transparency through rule-based
decision structures (e.g., threshold-triggered reserve releases) aug-
mented by explainable machine learning when forecasting is re-
quired; post-hoc explanations use SHAP to communicate which
factors drive predicted instability and to generate actionable coun-
terfactuals [18]. An LLM-assisted workflow is explored to extract
candidate policy rules from institutional guidance and historical
precedent, followed by expert vetting and formalization into in-
terpretable decision trees [32]. Validation proceeds through his-
torical replay and calibration on the French Revolution, the Arab
Spring, and the Syria drought, comparing simulated timing, in-
tensity, and spatial patterns of unrest and migration to historical
records [7, 10, 12, 14, 16, 39]. The primary contribution will be a
unified, empirically anchored modeling and policy framework that
links environmental dynamics and strategic adaptation to instability
risk, enabling early warning and robust, interpretable intervention
design. This work is planned for completion in the next 24 months.

In the next year, I plan to finalize the historical dataset assembly
and complete preliminary validation of the ABM that models agent
responses to food and water scarcity. I plan to iteratively expand
the dataset, focusing initial experiments on two separate datasets:
one representing an earlier historical era and the other representing
the recent century, motivated by data availability and also by a step
change in technology and infrastructure. The remaining time will
be devoted to causal inference and root cause analysis.

Feedback request. I would appreciate feedback frommentors on (i)
the right balance between model realism and interpretability when
selecting agent types, state variables, and policy levers; (ii) whether
the mean-field MARL formulation and the chosen population-level
state representation are appropriate; (iii) how to set up a defen-
sible calibration and validation protocol, including what metrics
and ablation studies would most convincingly separate climate-
driven shocks from strategic amplification effects. I would also
value guidance on how to make the work more impactful to both
the multi-agent systems community and domain stakeholders.
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