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ABSTRACT

The growing complexity and uncertainty of crisis response demand innovative approaches that integrate predictive
intelligence with decision-making under dynamic conditions. Contextual optimization, sitting at the confluence of
machine learning and operations research, offers a powerful framework for aligning data-driven predictions with
real-world objectives. This paradigm excels in addressing the dual challenges of accurate demand forecasting and
cost-efficient resource allocation, crucial in disaster response scenarios. By iteratively refining predictions and
optimizing downstream outcomes, contextual optimization bridges the gap between abstract models and actionable
strategies. This study evaluates and demonstrates the effectiveness of contextual optimization frameworks using
a simulation-based methodology in earthquake response scenarios, highlighting their potential to significantly
reduce unmet demand and total operational costs. The results underscore its pivotal role as a cornerstone for the
next generation of efficient and responsive disaster management systems, emphasizing its adaptability to evolving
conditions and ability to prioritize critical outcomes.
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INTRODUCTION

In an era marked by frequent and diverse crises—ranging from natural disasters to pandemics and supply chain
disruptions—decision-makers face unprecedented challenges. Crisis management is evolving beyond traditional
reactive measures, which often rely on post-event responses and recovery strategies (Boin & McConnell, 2007;
Boin et al., 2016; McConnell, 2011). Instead, it demands proactive and dynamic decision-making that integrates
predictive analytics and real-time data to address the complexities of real-world situations. Despite advancements
in technology and data analytics, one fundamental question remains: how can decision-makers tailor their strategies
to the unique and evolving context of each crisis to achieve better outcomes?

Traditional crisis management systems often rely on static or generalized frameworks, designed to handle crises
under broad assumptions (Alshoubaki, 2020; Hale et al., 2005). While these approaches provide robustness, they
frequently fail to adapt to the variability and complexity of real-world scenarios. For example, an earthquake in
a densely populated urban center presents vastly different challenges than one in a sparsely populated rural area.
Similarly, resource constraints, demographic factors, and the dynamic nature of crises require strategies that go
beyond a ”one-size-fits-all” solution.

This paper focuses on contextual optimization—a decision-making paradigm that integrates context-specific
information into optimization frameworks to enhance the effectiveness of crisis management. Linear programming
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(LP) assumes a fixed and deterministic set of constraints and objective functions, limiting its adaptability to dynamic 
conditions (Dantzig, 1998). Stochastic programming incorporates randomness but relies on fixed probabilistic 
distributions of uncertainty, making it less effective in capturing context-specific dependencies (Birge & Louveaux, 
2011). Robust optimization (RO) addresses uncertainty by optimizing for the worst-case scenario within predefined 
uncertainty sets, which may not reflect real-world variability (Ben-Tal, 2 009). Similarly, dynamic programming 
(DP) is powerful for sequential decision-making but requires predefined state transition probabilities or deterministic 
rules, limiting its applicability to highly dynamic environments (Bellman & Dreyfus, 2015).

In contrast, contextual optimization dynamically incorporates side information (covariates) to model the dependencies 
between crisis variables and their context (Ban & Rudin, 2019; Bertsekas, 2015). By leveraging contextual data—such 
as demographic information, environmental conditions, and real-time crisis parameters—decision-makers can adapt 
strategies dynamically, resulting in more effective and efficient resource allocation, risk mitigation, and response 
planning (Mišić & Perakis, 2020; Sadana et al., 2024).

The strength of contextual optimization lies in its ability to bridge predictive modeling and prescriptive decision-
making. By integrating context-aware insights into optimization frameworks, decision-makers can address 
uncertainties and complexities that static models fail to capture (Sadana et al., 2024). For instance, in the case 
of earthquake response, contextual optimization can adaptively allocate resources based on population density, 
infrastructure vulnerabilities, and predicted aftershock risks, ensuring a more targeted and impactful response.

This paper leverages three foundational frameworks of contextual optimization—Decision Rule Optimization 
(DRO), Sequential Learning and Optimization (SLO), and Integrated Learning and Optimization (ILO)—to address 
the complexities inherent in crisis management decision-making. These frameworks are specifically designed to 
tackle different dimensions of u ncertainty. DRO prioritizes robustness by focusing on optimizing decisions for 
known covariates, ensuring reliable outcomes even under uncertain conditions (Ben-Tal, 2009). SLO enhances 
decision-making by employing iterative learning, enabling strategies to evolve dynamically based on real-time 
feedback and updates, as demonstrated in applications such as supply chain management and healthcare operations 
(Mišić & Perakis, 2020). ILO advances these approaches further by combining learning and optimization into a 
single integrated process, directly aligning predictions with downstream cost minimization objectives (Donti et al., 
2017; Qi et al., 2021).

The comprehensive capabilities of these frameworks allow crisis management systems to adapt dynamically and 
contextually, addressing the unique demands of evolving scenarios with precision and efficiency. Recent innovations 
in ILO illustrate its transformative potential, showcasing methods such as task-based end-to-end learning and 
imitation-based modeling to refine decisions and minimize regret (Elmachtoub & Grigas, 2022; Kong et al., 2022). 
Using a case study on earthquake response, this paper highlights how contextual optimization effectively integrates 
predictive analytics and prescriptive decision-making, enabling actionable insights and impactful solutions for 
real-world crises.

The remainder of this paper explores how contextual optimization transforms crisis management. Section 2 lays the 
theoretical foundation for this approach, while Section 3 delves into the three decision-making frameworks that 
drive it—DRO, SLO, and ILO. Section 4 evaluates their effectiveness through a comprehensive earthquake case 
study, and Section 5 concludes by discussing the broader implications for future crisis response systems.

THEORETICAL FOUNDATIONS OF CONTEXTUAL OPTIMIZATION IN CRISIS MANAGEMENT

In this section, we establish the theoretical underpinnings necessary to understand the integration of contextual 
optimization into crisis management systems. The analysis begins with a formalized mathematical model for 
crisis situations, capturing the inherent uncertainty, dynamic evolution, and complexity of these environments. 
By modeling the decision-making landscape of crises, we create a robust foundation for employing contextual 
optimization frameworks. These frameworks, as we will demonstrate, enhance decision-making by tailoring 
strategies to the unique and evolving contexts of crises, enabling more effective, adaptive, and resource-efficient 
responses.

Mathematical Model for Crisis Situations

A crisis situation, such as a natural disaster or large-scale emergency, is characterized by uncertainty, interdependent 
variables, and rapidly changing conditions (Altay & Green III, 2006; Barthe-Delanoë et al., 2018; Comfort et al., 
2004; Domdouzis et al., 2017). These elements complicate decision-making processes, necessitating models that 
effectively integrate uncertainty, constraints, and contextual information (Birge & Louveaux, 2011; Fiedrich et al., 
2000; Sheu, 2007). In mathematical terms, a crisis can be represented by three key components:
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• y: uncertain parameters (e.g., severity, duration, or affected population) (Fiedrich et al., 2000),

• z: decision variables (e.g., resource allocation, deployment of personnel) (Yi & Kumar, 2007),

• x: contextual information (e.g., geographic, demographic, and real-time crisis indicators) (Rogova, 2016).

The decision-making process aims to minimize expected costs while accounting for uncertainties and constraints.
Formally, this can be expressed as:

min
z∈Z

Ey∼𝑃 (y |x) [𝑐(z, y)] (1)

where:

z ∈ Z represents the decision vector constrained to a feasible set Z,

y ∈ Y denotes uncertain crisis parameters with support Y,

x ∈ X comprises contextual covariates providing side information,
𝑐(z, y) is the cost function, representing the consequences of decisions,
𝑃(y|x) is the conditional probability distribution of y given the context x.

This formulation aligns with established methodologies in decision-making under uncertainty, providing a robust
framework for crisis management. This model highlights the pivotal role of x, or contextual data, in informing
decision-making by capturing the dependencies between y and the surrounding context (Ansell & Boin, 2019; Ban
& Rudin, 2019; Kamyabniya et al., 2024; Paulus et al., 2024; Zamanifar & Hartmann, 2020).

Incorporating Contextual Data. Contextual data x is vital in differentiating between crises of similar types but
different natures. Examples include:

• Demographic Context: Population density, socioeconomic indicators, age distribution, and access to
resources (Paulus et al., 2024; Sheu, 2007).

• Geographic and Environmental Context: Infrastructure resilience, geographic spread, weather conditions,
and proximity to resources (Galindo & Batta, 2013; Zamanifar & Hartmann, 2020).

• Crisis-Specific Parameters: Severity indices (e.g., earthquake magnitude), resource constraints, and
historical patterns of crisis progression (Birge & Louveaux, 2011; Kamyabniya et al., 2024).

Optimization Objectives and Constraints. The optimization objective Ey∼𝑃 (y |x) [𝑐(z, y)] minimizes expected
costs, subject to operational constraints:

𝑔𝑖 (z, y) ≤ 0, ∀𝑖 ∈ {1, . . . , 𝑚}. (2)

The constraints 𝑔𝑖 (z, y) represent specific restrictions on decision variables (z) and uncertain parameters (y). These
constraints are crucial for ensuring the feasibility and effectiveness of decisions in crisis management scenarios.
Examples include:

• Resource Constraints: Ensure that allocated resources (z) do not exceed availability (𝑔𝑖 (z, y) = z𝑖 −
AvailableResources𝑖 ≤ 0) (Kamyabniya et al., 2024; Sheu, 2007).

• Time Constraints: Guarantee that actions such as evacuation or medical supply delivery are completed
within designated deadlines (𝑔𝑖 (z, y) = TimeRequired𝑖 − Deadline𝑖 ≤ 0) (Galindo & Batta, 2013; Zamanifar
& Hartmann, 2020).

• Equity Constraints: Promote fair resource distribution by addressing proportionality across affected
populations (𝑔𝑖 (z, y) = FairDistributionIndex𝑖 − Threshold ≤ 0) (Ban & Rudin, 2019; Paulus et al., 2024).

• Dynamic Constraints: Account for real-time updates to resource availability or hazard impacts (𝑔𝑖 (z, y) =
UpdatedHazardImpact𝑖 − z𝑖 ≤ 0) (Birge & Louveaux, 2011; Boin et al., 2016).

This detailed formulation ensures that constraints are not only mathematically consistent but also practically aligned 
with the unique requirements of real-world crisis management systems.
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Dynamic Nature of Crises. Crisis situations are inherently dynamic, requiring models that evolve over time.
Changes in x (e.g., weather updates), y (e.g., aftershocks in an earthquake), or the probability distribution 𝑃(y|x)
demand continuous reevaluation of decisions. Adaptive decision-making frameworks are essential to ensure that
strategies remain effective as crises unfold (Birge & Louveaux, 2011; Kamyabniya et al., 2024; Sheu, 2007).

Recent approaches integrate real-time data assimilation and sequential decision-making frameworks to address this
dynamic nature. For instance:

• Real-Time Updates: Models incorporate evolving data inputs, such as updated hazard maps or live resource
tracking (Gowda et al., 2024).

• Feedback Mechanisms: Iterative adjustments in response to stakeholder input enhance decision robustness
(Sediri et al., 2013).

• Scenario-Based Planning: Leveraging simulations to evaluate strategies under varying hypothetical
developments of a crisis (Xue et al., 2022).

Toward Contextual Optimization. While the mathematical model of crises (1) provides a general structure for
decision-making under uncertainty, it lacks mechanisms for dynamically incorporating contextual information.
Crisis management research has leveraged techniques such as robust optimization, stochastic programming, and
scenario analysis to incorporate contextual factors like geographic and demographic data into static models (Ben-Tal,
2009; Birge & Louveaux, 2011; Galindo & Batta, 2013). However, these approaches often treat context (x) as fixed
or exogenous, failing to capture its evolving dependencies with uncertain parameters (y) or to adapt to real-time
changes. Contextual optimization overcomes these limitations by embedding x directly into the decision-making
process, enabling adaptive and data-driven strategies that align with the dynamic and evolving nature of crises. This
paradigm forms the foundation for the advanced frameworks discussed in subsequent sections, which dynamically
tailor decisions to the unique characteristics of each crisis.

CONTEXTUAL OPTIMIZATION FRAMEWORKS IN CRISIS MANAGEMENT

Contextual optimization frameworks enhance decision-making under uncertainty by dynamically linking contextual
covariates to uncertain parameters. In crisis management, where traditional models with fixed assumptions
lack real-time adaptability, these frameworks provide a critical advantage. Sadana et al. (Sadana et al., 2024)
highlight the capability of contextual optimization to incorporate dynamic contextual information, addressing the
unpredictable nature of crises. This section focuses on three principal frameworks—Decision Rule Optimization
(DRO), Sequential Learning and Optimization (SLO), and Integrated Learning and Optimization (ILO)—starting
with a detailed exploration of DRO, its theoretical foundations, and integration into the crisis model from equation 1.

Decision Rule Optimization (DRO) in Crisis Management

Decision Rule Optimization (DRO) employs parameterized mappings, known as decision rules, to connect contextual
information (x) directly to actions (z). These mappings, denoted as 𝜋𝜃 (x), are optimized to minimize expected
costs, where 𝜃 represents the parameters defining the rule. DRO enables the translation of contextual insights into
actionable decisions, ensuring robustness and context sensitivity.

Empirical Risk Minimization (ERM) underpins this optimization process by approximating the expected cost using
empirical data (Roy et al., 2021; Vapnik, 1991). Specifically, the optimization problem is formulated as:

𝜃∗ = argmin
𝜃

E𝑃̂𝑁
[𝑐(𝜋𝜃 (x), y)], (3)

where:

• 𝑃̂𝑁 is the empirical distribution derived from historical data D𝑁 = {(x𝑖 , y𝑖)}𝑁𝑖=1, which serves as an
approximation of the true conditional distribution 𝑃(y|x),

• 𝑐(𝜋𝜃 (x), y) represents the cost function, which quantifies the loss or consequences associated with applying
the decision rule 𝜋𝜃 (x) given the uncertain parameters y,

• 𝜋𝜃 (x) is the parameterized decision rule that maps contextual data x to an actionable decision z.
C
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ERM provides a practical solution for optimizing 𝜋𝜃 by leveraging finite samples from historical data, allowing
DRO to approximate the true expected cost without requiring full knowledge of the underlying distribution. In this
framework, 𝜋𝜃 (x) acts as a surrogate for the decision variable z, establishing a direct mapping between contextual
data and actions. Effectively, z = 𝜋∗

𝜃
(x) represents the optimal decision that accounts for both the observed context

(x) and the calibrated decision rule (𝜃∗).

DRO integrates seamlessly into the previously introduced crisis model:

min
z∈Z

Ey∼𝑃 (y |x) [𝑐(z, y)], (4)

where parameterizing z as 𝜋𝜃 (x) transforms the problem into equation 3. This connection demonstrates how DRO
bridges contextual information and uncertain parameters, enabling tailored decisions for crisis management. For
instance, in earthquake scenarios, contextual data (x) such as population density and infrastructure resilience are
linked to uncertain parameters (y) like aftershock probabilities and resource constraints. DRO translates this data
into actionable strategies, such as resource allocations or evacuation plans, that are precisely aligned with the
dynamic and uncertain conditions of the crisis.

While DRO offers robust and scalable solutions by leveraging contextual data, it is inherently limited to static
optimization. This means that DRO cannot iteratively refine its decisions based on new, incoming data. In rapidly
changing crisis scenarios, such as escalating floods or sudden aftershocks following earthquakes, the inability to
update predictions and actions reduces DRO’s adaptability. To overcome this limitation, Sequential Learning and
Optimization (SLO) introduces a predictive component that continuously learns from both historical and real-time
data, enhancing its ability to adapt to evolving crises.

Sequential Learning and Optimization (SLO) in Crisis Management

Sequential Learning and Optimization (SLO), widely recognized as the ”predict-then-optimize” framework,
combines a predictive model that estimates conditional distributions of uncertain parameters (y) based on contextual
covariates (x) with an optimization model that prescribes actions (z) to minimize costs. Recent works have
established generalization bounds to ensure robust decision-making, even under uncertain or noisy data, making
the framework reliable for high-stakes scenarios (El Balghiti et al., 2019). Additionally, methods such as decision
trees improve interpretability and scalability for real-time applications, while decision-driven regularization aligns
predictions more closely with optimization goals, reducing potential mismatches between the two stages (Elmachtoub
et al., 2020; Loke et al., 2022). By dynamically integrating predictive and prescriptive capabilities, SLO provides a
robust and adaptive approach for decision-making under uncertainty, particularly in crisis scenarios.

Building on the crisis model introduced earlier (1), where y encapsulates uncertain parameters (e.g., crisis severity or
resource availability), x represents contextual information (e.g., geographic, demographic, or real-time indicators),
and z corresponds to decision variables (e.g., resource allocation strategies), SLO employs a two-stage process:

1. Predictive Component: The predictive model, 𝑓𝜃 (x), parameterized by 𝜃, leverages machine learning
techniques to estimate the conditional distribution 𝑃(y|x). This involves training on historical data using a
supervised learning framework to minimize a loss function:

min
𝜃

𝜌( 𝑓𝜃 , 𝑃̂𝑁 ) +Ω(𝜃), (5)

where:

• 𝜌( 𝑓𝜃 , 𝑃̂𝑁 ) = E𝑃̂𝑁
[D( 𝑓𝜃 (x), y)] measures prediction error using a divergence metric D, such as

negative log-likelihood or mean squared error,

• Ω(𝜃) is a regularization term that mitigates overfitting by penalizing model complexity,

• 𝑃̂𝑁 is the empirical distribution derived from the historical dataset D𝑁 = {(x𝑖 , y𝑖)}𝑁𝑖=1, approximating
the true conditional distribution 𝑃(y|x).

Machine learning techniques such as regression models, decision trees, or neural networks can be employed
depending on the complexity of the data and the relationships between x and y. The goal is to learn a model
𝑓𝜃 (x) that generalizes well to unseen data while capturing meaningful patterns in the historical data. This
predictive stage ensures the inputs for the optimization step reflect the latest contextual and historical insights.
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2. Optimization Component: The optimization component uses the predictive model’s output 𝑓𝜃 (x) to generate
context-specific decisions. This step solves:

z∗ (x, 𝑓𝜃 ) = argmin
z∈Z

E 𝑓𝜃 (x) [𝑐(z, y)], (6)

where:

• z∗ (x, 𝑓𝜃 ) represents the optimal decision that minimizes the expected cost, conditioned on the predicted
distribution 𝑓𝜃 (x),

• 𝑐(z, y) is the cost function quantifying the consequences of decisions z under uncertain outcomes y.

This component transforms predictions into actionable decisions, ensuring alignment with the dynamic
requirements of crises. For instance, in flood management, the predictive model may estimate flood severity
(y) based on real-time rainfall data (x), while the optimization component determines the optimal deployment
of resources (z).

SLO integrates seamlessly into the crisis model by coupling predictive and optimization components. The predictive
function 𝑓𝜃 (x) approximates the conditional distribution 𝑃(y|x), while the optimization component uses this
distribution to prescribe context-sensitive actions. For instance, during a flood scenario, x may include real-time
rainfall data, and y could represent flood severity or affected populations. The SLO framework predicts the
conditional distribution of flood impacts and optimizes resource allocation (z), such as deploying emergency shelters
or allocating sandbags, ensuring adaptive and effective responses.

While SLO bridges prediction and decision-making, its reliance on separate training phases for predictive modeling
and optimization introduces potential challenges. Misalignment between the predictive model and optimization
objectives can lead to suboptimal decisions, especially when prediction errors propagate to the decision stage (see
section 2.2 of (Sadana et al., 2024)). Furthermore, SLO’s dual-stage framework depends on high-quality training
data and can become computationally expensive in real-time crisis scenarios.

Despite these challenges, SLO remains a powerful framework for adapting to dynamic and uncertain environments,
enabling tailored, context-aware strategies in crisis management. To address its limitations, Integrated Learning and
Optimization (ILO) aligns prediction and optimization within a unified framework, directly optimizing decisions to
minimize costs and improve efficiency in evolving crises.

Integrated Learning and Optimization (ILO) in Crisis Management

Integrated Learning and Optimization (ILO) builds on SLO by unifying the predictive and optimization components
into a single iterative framework. Rather than independently training a predictive model and subsequently using
its output for decision-making, ILO aligns the learning process directly with the optimization objective. This
end-to-end approach ensures that the model focuses on features and patterns most relevant to the downstream task,
enabling more effective and context-sensitive decision-making in crisis management scenarios. By addressing the
disconnect between prediction and optimization, ILO provides a cohesive framework for tackling complex and
dynamic crises.

Unlike SLO, which minimizes estimation error during the predictive stage and separately solves the optimization
problem using its output, ILO directly learns a predictive function that minimizes the overall cost of decisions. By
integrating prediction and optimization into a single learning process, ILO ensures that the predictive model is
optimized with the final objective in mind, eliminating misalignments that can arise when predictions are treated
as intermediate outputs. This makes ILO particularly advantageous in crises, where the relationships between
contextual covariates (x), uncertain parameters (y), and decision variables (z) are highly complex and require
decisions that dynamically adapt to evolving conditions.

Mathematically, the ILO framework adapts the crisis model (1) by learning a predictive function 𝑓𝜃 (x), parameterized
by 𝜃, that minimizes the total cost over the empirical distribution 𝑃̂𝑁 . The optimization problem is formulated as:

min
𝜃

E𝑃̂𝑁
[𝑐 (z∗ ( 𝑓𝜃 (x)), y)] , (7)

where:
z∗ ( 𝑓𝜃 (x)) = argmin 𝑐(z, 𝑓𝜃 (x)).

z∈Z
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This formulation highlights the end-to-end nature of ILO, where the predictive model is iteratively updated to 
minimize the actual cost of decisions rather than merely improving the accuracy of predictions.

To illustrate the advantages of ILO, consider the flood response example introduced in the context of SLO. In that 
scenario, SLO uses rainfall data (x) to predict flood severity and affected populations (y), which are then used to 
optimize resource allocation (z). While effective, this approach separates prediction and optimization, potentially 
leading to suboptimal resource allocation due to inaccuracies in the predicted distribution of y.

In contrast, ILO directly aligns the learning process with the resource allocation objective. By iteratively updating 
the predictive function 𝑓𝜃 (x) based on the cost of decisions, the framework ensures that the predictive model 
prioritizes features and patterns most relevant to the optimization task. For instance, instead of merely improving 
flood severity predictions, ILO emphasizes predicting resource needs in high-risk areas, ensuring decisions minimize 
response costs and maximize impact.

This integration of learning and optimization offers significant advantages over SLO. By aligning the predictive 
model with the downstream task, ILO reduces the propagation of errors from prediction to decision-making. Its 
end-to-end nature eliminates the need for a separate estimation error objective, streamlining the learning process. 
Furthermore, ILO excels in scenarios where the optimization problem involves complex interactions between 
contextual and uncertain parameters, as it learns these relationships directly without relying on intermediate 
approximations.

However, ILO introduces additional computational complexity, as the predictive model must be iteratively updated 
within the optimization loop. This can pose challenges in real-time crisis management, where rapid and efficient 
decision-making is critical. Techniques to mitigate this complexity, such as model simplification or parallel 
computation, are essential to enhance ILO’s practical applicability in high-stakes scenarios.

By integrating prediction and optimization into a unified framework, ILO represents a significant advancement in 
contextual optimization for crisis management. Its ability to directly minimize decision costs ensures that actions 
are both data-driven and rigorously aligned with the overarching objectives of minimizing harm and maximizing 
efficiency. This makes ILO particularly well-suited for addressing the intricate and dynamic challenges of modern 
crises, where traditional models often fall short.

EVALUATING CONTEXTUAL OPTIMIZATION FRAMEWORKS IN EARTHQUAKE RESPONSE

Natural disasters present intricate challenges for resource allocation and decision-making, making them a critical 
domain for evaluating contextual optimization frameworks. Among these, earthquakes are particularly significant 
due to their sudden onset, lack of early warning systems, and the urgent need for rapid, informed decisions to 
mitigate widespread devastation. Unlike floods or hurricanes, which often allow for some degree of preparation, 
earthquakes demand immediate and adaptive responses under severe uncertainty, emphasizing the importance of 
robust optimization approaches.

This case study uses earthquake scenarios to illustrate the effectiveness of the proposed f rameworks. Earthquakes 
involve a complex interplay of contextual variables—such as population density, infrastructure quality, proximity 
to the epicenter, and seismic magnitude—that create a highly dynamic and nonlinear environment for resource 
allocation. The severe downstream consequences of unmet resource demand, including economic losses and 
human suffering, further underscore the need for optimization approaches that can adapt to evolving conditions and 
anticipate future needs.

Earthquakes serve as an ideal case study due to their relevance across diverse geographic regions and their importance 
to decision-makers in both developed and developing contexts. Effective modeling in these scenarios demands 
capturing the intricate dependencies between contextual factors and downstream impacts, such as the cost of unmet 
resource demands. This case study provides a robust testbed to evaluate the strengths and limitations of static 
decision rules, as well as the adaptive capabilities of integrated frameworks like SLO and ILO, highlighting their 
advantages over traditional DRO approaches.

Modeling Earthquake Dynamics: Contextual and Outcome Variables

The crisis model introduced in Equation 1 establishes the interplay between contextual variables (𝑥), decision rules 
(𝑧), and downstream outcomes (𝑦). While this model captures critical dependencies and non-linear dynamics, it is 
an artificial construct designed specifically for simulation purposes.

The artificial nature of the model enables controlled experimentation, isolating decision-making challenges in 
disaster response without relying on noisy or limited real-world data. Although this reduces direct real-world 
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applicability, it provides a robust testbed for evaluating the performance of optimization frameworks such as SLO
and ILO. Future research should validate these findings with real-world disaster data to enhance their practical
relevance and applicability.

Contextual Variables (𝑥)

The contextual variables represent the key factors influencing resource needs and response strategies. These include:

• Population Density (𝑥1): Reflects the number of individuals potentially affected in each region, measured in
individuals per square kilometer (individuals/km2). Higher population densities typically demand greater
resource allocations.

• Infrastructure Quality (𝑥2): A normalized measure of a region’s resilience, represented as a dimensionless
value where higher values indicate stronger infrastructure. Regions with better infrastructure generally require
fewer resources, as they are less vulnerable to earthquakes.

• Distance to Epicenter (𝑥3): The geographical proximity of a region to the earthquake’s epicenter, measured
in kilometers (km). Closer regions experience more severe impacts and higher resource needs.

• Earthquake Magnitude (𝑥4): The Richter scale magnitude of the earthquake, which directly scales the
resource needs across all regions. Larger magnitudes correspond to greater devastation and increased demand.

Outcome Variables (𝑦)

The outcome variables (𝑦) capture the stochastic and dynamic results of resource allocation and decision-making
under uncertainty. They include:

• Demand (𝑦1): The total resource requirements for a region during an earthquake event, modeled as a
non-linear and uncertain function of 𝑥. This variable is measured in resource units and reflects the overall
needs of the affected population.

• Allocated Resources (𝑦2): The actual resources distributed to each region, also measured in resource units.
These are determined by decision rules and constrained by resource availability and priorities.

• Unmet Demand (𝑦3): The gap between 𝑦1 and 𝑦2, representing shortfalls in resource allocation. This variable
is also measured in resource units and highlights decision-making inefficiencies or systemic constraints.

• Total Cost (𝑦4): The economic impact of unmet demand, calculated as a monetary value (e.g., dollars). This
accounts for penalties related to shortages and stochastic fluctuations in response costs, reflecting the broader
consequences of unmet needs.

Non-Linear Resource Needs and Decision Dynamics

To simulate earthquake response and evaluate the proposed optimization frameworks, we define resource needs
(𝑦1) as a function of contextual variables (𝑥1, 𝑥2, 𝑥3, 𝑥4). This equation is designed to model the complex and
interdependent effects of these variables on resource demands while enabling controlled experimentation. Although
the equation is artificial, it is grounded in disaster modeling principles and serves as a foundation for generating
data under realistic assumptions. The goal is to approximate meaningful relationships between contextual factors
and resource needs, providing a robust testbed for the optimization frameworks. The proposed equation for resource
needs is:

𝑦1 = 0.5
√
𝑥1 · 𝑥2

4 − 2.0𝑒−𝑥2 · 𝑥4 + 0.3 ln(1 + 𝑥3) · 𝑥4 + 𝜖,

where 𝜖 introduces stochastic noise to reflect real-world variability. The resource needs are clipped to non-negative
values to ensure feasibility.

The structure of 𝑦1 is designed to reflect the interplay of key contextual factors influencing resource demand during
earthquakes:

• Population Density (𝑥1): 𝑦1 increases with population density because denser areas typically require more
resources for evacuation, medical aid, and recovery. The square root scaling (√𝑥1) models the diminishing
marginal effect of population density, while the positive coefficient reflects the direct correlation with resource
needs. This term is further amplified by the quadratic dependence on earthquake magnitude (𝑥2

4), which
scales the intensity of resource requirements based on the severity of the earthquake (Altay & Green III, 2006;
Freire & Aubrecht, 2012).
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• Infrastructure Quality (𝑥2): 𝑦1 decreases with better infrastructure quality, as resilient buildings and systems
reduce the need for resources. The negative exponential term (−2.0𝑒−𝑥2 · 𝑥4) reflects how better infrastructure
mitigates resource needs, with diminishing returns at higher resilience levels (Galindo & Batta, 2013;
Thompson, 2011).

• Distance to Epicenter (𝑥3): 𝑦1 increases logarithmically with distance to the epicenter. While closer regions
(𝑥3 → 0) experience the most severe impacts, the logarithmic form (ln(1 + 𝑥3)) models the non-linear
attenuation of seismic intensity with distance, consistent with seismic attenuation models (Pitilakis et al.,
2024; Wald et al., 1999).

• Earthquake Magnitude (𝑥4): As the common scaling factor in all terms, earthquake magnitude (𝑥4) directly
amplifies the effects of population density, infrastructure quality, and distance to the epicenter. This reflects
the fact that more severe earthquakes impact broader areas and necessitate significantly greater resources
(Freire & Aubrecht, 2012; Pitilakis et al., 2024).

• Stochastic Noise (𝜖): The addition of stochastic noise (𝜖) accounts for variability in unmodeled factors, such
as localized terrain effects, aftershock impacts, and human response inconsistencies, ensuring the realism of
the model (Birge & Louveaux, 2011; Geng & Hou, 2021).

The combination of positive and negative contributions in this model ensures that resource needs (𝑦1) dynamically
balance the amplifying effects of population density and earthquake severity with the mitigating effects of
infrastructure resilience and distance. While the equation is artificial, its components are grounded in established
disaster modeling principles, offering a controlled environment for evaluating decision optimization frameworks.
Although it is not derived from empirical disaster data, its structure was intentionally designed to simulate plausible
demand dynamics in the absence of real-world data. Future research could refine this model with real-world data
and empirical validation as such data becomes available.

Summary of Variables and Relationships

Table 1 summarizes the contextual and outcome variables, their relationships, and their significance in the crisis
model.

Table 1. Summary of Variables in the Earthquake Model

Variable Description Significance

𝑥1: Population Density Number of individuals per km2. Drives demand proportionally.
𝑥2: Infrastructure Quality Normalized measure of resilience. Reduces demand for resources.
𝑥3: Distance to Epicenter Proximity to earthquake epicenter. Correlates with severity of impact.
𝑥4: Earthquake Magnitude Richter scale value. Scales overall resource needs.

𝑦1: Demand Resource requirements. Output of the crisis model.
𝑦2: Allocated Resources Resources distributed. Affected by decision rules.
𝑦3: Unmet Demand Residual demand after allocation. Indicates response inefficiency.
𝑦4: Total Cost Economic consequence of unmet demand. Reflects downstream impacts.

Relevance and Challenges

This model underscores the multi-dimensional interplay of contextual variables in shaping disaster response. By 
incorporating non-linear interactions and stochastic variability, it captures the complexities faced in decision-making 
under uncertainty, serving as the foundation for evaluating static (DRO) and dynamic (SLO and ILO) optimization 
frameworks, it provides a controlled yet insightful testbed for assessing their effectiveness in minimizing unmet 
demand and downstream costs.

Instance Demonstration and Insights

To illustrate the dynamics of the earthquake model, a specific instance is presented in Figure 1 . The figure showcases 
key relationships between contextual and outcome variables. Unique colors consistently represent regions (𝑅1, 𝑅2, 
..., 𝑅8) across all plots for clarity.
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The top-left plot captures the stochastic occurrence of earthquakes across regions over time, with each region
labeled distinctly. The top-right plot examines the efficiency of resource distribution by comparing demand and
allocated resources, revealing how closely resource allocations align with regional demands.

These visualizations highlight the model’s capacity to simulate disaster scenarios and provide insights into critical
variables affecting response dynamics. They set the stage for evaluating the performance of various optimization
frameworks, such as SLO and ILO, in minimizing unmet demand and associated costs compared to static approaches
(DRO).
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Figure 1. Instance visualizations of earthquake response dynamics. Unique colors are used consistently across plots
to distinguish regions (𝑅1, 𝑅2, ..., 𝑅8).

Contextual Decision Optimization for Earthquake Response: DRO Framework

The Decision Rule Optimization (DRO) framework addresses the challenge of resource allocation under uncertainty
by approximating the conditional relationship 𝑃(𝑦 |𝑥) from the crisis model (Equation 1). By leveraging decision
rules, DRO enables predictions of key outcomes (𝑦) based on contextual variables (𝑥) to optimize resource
distribution.

Implementation of DRO

To implement the DRO framework, contextual variables—population density (𝑥1), infrastructure quality (𝑥2),
distance to the epicenter (𝑥3), and earthquake magnitude (𝑥4)—were utilized to model 𝑃(𝑦 |𝑥), which predicts
demand (𝑦1) and guides resource allocation (𝑦2) to minimize unmet demand (𝑦3) and total costs (𝑦4).

The framework involves the following key steps:

1. Decision Rule Models: Two decision rules were employed:

• Linear Decision Rule: Assumes a linear relationship between 𝑥 and 𝑦. A linear regression model was
trained to predict demand (𝑦1) based on the contextual variables (𝑥).

• Kernel Decision Rule: Employs a Radial Basis Function (RBF) kernel to capture non-linear dependen-
cies in 𝑃(𝑦 |𝑥). Hyperparameters (𝛼 and 𝛾) were tuned using grid search with cross-validation.

2. Resource Allocation and Cost Computation: Using the predicted 𝑃(𝑦 |𝑥), resources were allocated as:

𝑦2 = min(𝑦1, available resources),

ensuring resource constraints were adhered to. The unmet demand (𝑦3) was computed as:

𝑦3 = max(0, 𝑦1 − 𝑦2),

and total costs (𝑦4) were calculated using:

𝑦4 = 𝜅 · 𝑦3 + 𝜉,

where 𝜅 is the penalty for unmet demand, and 𝜉 accounts for stochastic cost variations.
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Modeling 𝑃(𝑦 |𝑥)
The conditional relationship 𝑃(𝑦 |𝑥) was modeled using supervised learning:

𝑃(𝑦 |𝑥) ∼ 𝑓 (𝑥; 𝜃),

where 𝑓 (𝑥; 𝜃) represents the decision rule (linear or kernel-based). The model parameters 𝜃 were optimized by
minimizing the mean squared error (MSE) between observed and predicted demand (𝑦1):

MSE =
1
𝑁

𝑁∑︁
𝑖=1

(
𝑦1,𝑖 − 𝑓 (𝑥𝑖; 𝜃)

)2
.

For the kernel-based decision rule, grid search over 𝛼 (regularization) and 𝛾 (kernel width) was performed to
identify the optimal parameters:

{𝛼, 𝛾} = arg min
𝛼,𝛾

MSEvalidation.

Results and Discussion
The DRO framework was evaluated using earthquake simulation data. The Linear Decision Rule achieved a Demand 
Prediction MSE of 25562.65 and a Total Cost MSE of 133574025.09. After hyperparameter optimization (𝛼 = 0.01, 
𝛾 = 0.001), the RKHS Decision Rule achieved a Demand Prediction MSE of 23760.79 and a Total Cost MSE of 
122300074.46. The kernel-based model (RKHS) provided marginal improvements in prediction accuracy and total 
cost, likely due to its ability to capture non-linear patterns in 𝑃(𝑦 |𝑥). These results (see Table 2) demonstrate that 
the DRO framework establishes a robust baseline for contextual optimization, effectively modeling 𝑃 (𝑦 |𝑥) to guide 
resource allocation while balancing model complexity and predictive accuracy.

Sequential Learning Optimization (SLO)
Building upon the static nature of DRO framework, SLO enhances adaptability by introducing an iterative feedback 
mechanism. While DRO employs static decision rules to approximate 𝑃(𝑦 |𝑥) for resource allocation, SLO 
dynamically refines these rules using feedback from observed outcomes, enabling a more responsive and evolving 
approach to disaster scenarios.

Components of SLO
The SLO framework comprises two interdependent components:

Predictive Component. Similar to DRO, SLO models the conditional relationship 𝑃(𝑦 |𝑥) between contextual 
variables (𝑥) and demand (𝑦1). However, instead of relying on static rules, SLO iteratively improves the decision 
rules through feedback. A Random Forest model is used as the predictive engine, leveraging its capacity to model 
complex, non-linear relationships between inputs and outputs. The hyperparameters, including the number of trees 
(𝑛 = 100) and maximum depth (𝑑 = 10), are carefully tuned to ensure generalizability while capturing detailed 
patterns in the data.
At each iteration, the model predicts demand (𝑦̂1) for the current testing set. The predicted values are evaluated 
against observed outcomes, with performance measured using the mean squared error (MSE). This iterative feedback 
allows the predictive component to progressively refine its approximation of 𝑃(𝑦 |𝑥).

Optimization Component. Given the predicted demand (𝑦̂1), the optimization component allocates resources to 
minimize unmet demand (𝑦3) and associated costs (𝑦4). At each iteration, resource allocation is calculated as:

𝑦2 = min( 𝑦̂1, available resources),

ensuring that resource constraints are respected. Unmet demand is computed as:

𝑦3 = max(0, 𝑦̂1 − 𝑦2),

while total costs are determined by:
𝑦4 = 𝜅 · 𝑦3 + 𝜉,

where 𝜅 represents the penalty for unmet demand, and 𝜉 accounts for random fluctuations in downstream costs.
After each iteration, observed outcomes—contextual variables, demand, and costs—are added to the training dataset. 
This feedback-driven update allows the predictive model to adapt to new information and improve its predictions for 
future iterations.
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Addressing DRO’s Limitations

While DRO operates under static decision rules, SLO introduces an iterative feedback loop that continuously updates
these rules based on observed outcomes. This dynamic learning process enables SLO to adapt to the evolving
nature of disaster scenarios, capturing patterns and uncertainties that static frameworks cannot address effectively.

Limitations and Transition to ILO

Despite its adaptive nature, SLO treats resource allocation and downstream costs (𝑦4) as separate components,
optimizing them sequentially rather than simultaneously. This segmented approach may result in suboptimal
outcomes, as the interdependencies between prediction accuracy and economic impacts are not fully accounted for.
To overcome these limitations, Integrated Learning Optimization (ILO) integrates the predictive and optimization
components into a unified framework, directly minimizing unmet demand and costs in an end-to-end manner. The
next section presents the ILO framework and its implementation.

Integrated Learning Optimization (ILO)

Integrated Learning Optimization (ILO) directly integrates prediction and optimization into a unified, end-to-end
framework, aligning predictions with downstream objectives during training.

Components of ILO

The ILO framework consists of two interconnected components:

End-to-End Predictive Optimization. Unlike SLO, where predictions (𝑦1) are optimized in isolation, ILO
incorporates resource allocation and cost calculations directly into the loss function. During training, the predictive
model minimizes a custom loss function defined as:

L(𝜃) = 1
𝑁

𝑁∑︁
𝑖=1

[
𝜅 · max(0, 𝑦̂1,𝑖 − 𝑦2,𝑖) + 𝜉

]
,

where 𝑦̂1,𝑖 represents the predicted demand, 𝑦2,𝑖 represents allocated resources, 𝜅 penalizes unmet demand, and 𝜉

models random cost fluctuations. This design ensures that predictions account for their downstream impact on total
costs (𝑦4).

Dynamic Feedback Mechanism. ILO employs an iterative feedback loop to continuously refine predictions and
allocations. After each iteration, the training data is augmented with observed outcomes, including contextual
variables (𝑥), demand predictions (𝑦1), and total costs (𝑦4). This iterative process updates the predictive model with
smoothed feedback:

𝑦′feedback = 𝛼𝑦true + (1 − 𝛼) 𝑦̂pred,

where 𝛼 is a smoothing parameter balancing observed and predicted values. This mechanism allows the model to
adapt dynamically to changing conditions.

Implementation of the ILO Framework

The implementation of the ILO framework is structured around four key components:

Predictive Component: A Random Forest Regressor is employed to model the relationship between contextual
variables (𝑥) and demand (𝑦1). This choice leverages the ensemble structure of Random Forests to capture
non-linear patterns and complex dependencies in the data effectively.

Optimization Component: The resource allocation process minimizes the penalty of unmet demand (𝑦3) and
adjusts total costs (𝑦4) dynamically. This is achieved through an iterative mechanism where:

𝑦3 = max(0, 𝑦1 − 𝑦2), 𝑦4 = 𝛼 · (𝑦3 · (100 + 𝛽𝑦3) + 𝑦true · (1 − 𝛽)) ,

where 𝛼 is the learning rate for cost feedback, and 𝛽 is the weight decay for penalizing unmet demand.

CoRe Paper – Analytical Modeling and Simulation
Proceedings of the 22nd ISCRAM Conference – Halifax, Canada, May 2025



Moradkhani et al. Contextual Stochastic Optimization for Crises

Iterative Feedback Mechanism: The framework integrates iterative feedback by retraining the predictive model
on an extended dataset after each iteration. This dataset includes updated contextual variables, demand
predictions, and dynamically computed total costs, enabling the framework to adapt to evolving disaster
contexts.

Hyperparameter Adjustment: The iterative process incorporates hyperparameters (𝛼 and 𝛽) to balance predictive
accuracy and cost minimization. These parameters are tuned to ensure that the model optimally penalizes
unmet demand while smoothing cost feedback loops for improved convergence.

Addressing SLO’s Limitations

ILO addresses key limitations of SLO by unifying prediction and optimization. This integration reduces inefficiencies
arising from treating these processes sequentially and ensures predictions are directly optimized for downstream
cost minimization. By incorporating resource allocation into the predictive process, ILO aligns decision-making
with real-world objectives. However, the computational complexity of ILO increases due to the combined training
and optimization process, requiring careful tuning of hyperparameters such as 𝛼 and 𝛽. These parameters also
play a stabilizing role: 𝛼 governs the smoothing of feedback between observed and predicted values, while 𝛽

introduces a decaying penalty on unmet demand, both of which help mitigate the impact of dynamic changes in the
feasible region. Additionally, by bounding resource allocations and clipping predictions, the model avoids extreme
decisions in response to minor input fluctuations. While the current formulation does not enforce explicit robustness
constraints, it exhibits practical resilience through these mechanisms. Formalizing these aspects via sensitivity
analysis or robustness-enhancing techniques remains a promising direction for future work.

Conclusion of Framework Evaluation

The comparative analysis highlights the evolution and trade-offs across decision frameworks for contextual
optimization in crisis management. Table 2 presents the summarized performance metrics, with the best
performance highlighted in blue, and all improvements (column Gain (Demand, Cost)) calculated relative to the
Linear Decision Rule (DRO) as the baseline. These results are computed over all eight simulated regions (R1 to R8)
and represent average performance across regions and simulation runs, as the models operate collectively rather
than at the individual regional level. While Figure 2 illustrates the iterative improvement in demand prediction and
cost reduction for SLO and ILO, the table underscores the strengths and limitations of each framework.

Table 2. Performance Comparison of Decision Frameworks with Improvements

Framework Demand Prediction MSE Total Cost MSE Gain (Demand, Cost)

Linear Decision Rule (DRO) 25562.65 133574025.09 (0.00%, 0.00%)
RKHS Decision Rule (DRO) 23760.79 122300074.46 (7.05%, 8.44%)
SLO 14667.47 65306149.30 (42.62%, 51.11%)
ILO 20111.87 943498.70 (21.32%, 99.29%)

- Linear vs. RKHS Decision Rule (DRO): The RKHS Decision Rule outperforms the Linear Decision Rule in
both demand prediction accuracy (MSEdemand) and total cost (MSEcost). This improvement reflects RKHS’s ability
to model non-linear dependencies more effectively, leading to better overall performance in balancing prediction
and cost minimization compared to the Linear Decision Rule.

- SLO: SLO demonstrates substantial improvements in both demand prediction and total cost reduction over
DRO frameworks. It achieves the lowest demand prediction error, showcasing the strength of iterative feedback
mechanisms in dynamically refining predictions and resource allocations. However, the gap in prediction accuracy
between SLO and ILO is marginal, while ILO significantly outperforms SLO in total cost minimization, highlighting
its stronger focus on downstream optimization.

- ILO: ILO emerges as the most effective framework for total cost minimization, achieving an order-of-magnitude
reduction compared to other frameworks. This performance underscores the power of end-to-end optimization,
which directly aligns predictive models with downstream objectives. Although ILO incurs a slight increase in
demand prediction error compared to SLO, its holistic design ensures that total costs are prioritized in resource
allocation strategies.
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These findings reflect a progression in framework sophistication:

• DRO: Establishes a baseline by separating prediction and optimization.

• SLO: Introduces iterative feedback to balance demand prediction and cost reduction.

• ILO: Aligns prediction and optimization through an integrated, end-to-end approach, excelling in total cost
minimization.

Figure 2 further demonstrates that while both SLO and ILO iteratively improve prediction and cost metrics, ILO’s
end-to-end optimization design ensures superior downstream performance. In the left panel, the dashed line
represents the ideal alignment between predicted and true demand, highlighting how SLO progressively refines
its predictions. The right panel showcases ILO’s exceptional ability to minimize total costs through integrated
prediction and optimization. This analysis is conducted on one disaster response scenario using Random Forest
as the predictive model. Other predictive models (e.g., Support Vector Machines, Gradient Boosting, Neural
Networks) could also be explored, but such exploration is outside the scope of this study. Ultimately, framework
selection should align with the operational goals, whether prioritizing prediction accuracy, total cost reduction, or
computational efficiency.
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Figure 2. Iterative improvement in Demand Prediction and Total Cost MSE for SLO and ILO. The plots highlight 
how iterative feedback in SLO and end-to-end optimization in ILO refine both metrics over successive iterations.

CONCLUSIONS AND FUTURE DIRECTIONS

This study emphasizes the transformative role of contextual optimization in advancing crisis response systems. 
By integrating machine learning and operations research, it enables data-driven decision-making in dynamic and 
resource-constrained environments. The following key conclusions and future research directions are presented:

Contextual Optimization for Crisis Management

Contextual optimization demonstrates significant potential in enhancing decision-making agility during crises. 
Its ability to dynamically incorporate contextual data, such as resource availability and disaster impact, allows 
for more targeted and adaptive resource allocation strategies. While this study focuses on earthquake response, 
the proposed frameworks are broadly applicable to other dynamic crises, including climate-induced disasters, 
pandemics, wildfires, and supply chain d isruptions. Adapting the model to these contexts would involve redefining 
contextual variables—for example, infection rates and mobility data for epidemic response, or supply chain delays 
and logistics bottlenecks for operational crises—and integrating domain-specific constraints into the optimization 
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process. This flexibility makes contextual optimization a promising foundation for cross-domain crisis management. 
Furthermore, validating the framework against historical crisis datasets (e.g., past earthquake or epidemic responses) 
will be a key step toward ensuring its robustness and operational relevance in real-world deployments.

From Static to Adaptive Frameworks: The Power of End-to-End Integration

The progression from DRO to SLO and ILO underscores the shift from static to adaptive decision-making 
frameworks in crisis response. While DRO serves as a baseline for resource allocation, SLO incorporates iterative 
feedback to dynamically enhance accuracy, and ILO achieves superior cost minimization by integrating learning 
and optimization into a unified p rocess. ILO’s end-to-end optimization ensures that resource allocations are directly 
aligned with total cost minimization objectives, offering a holistic approach to large-scale logistical operations in 
dynamic crisis environments. Future advancements should focus on incorporating real-time data streams, such as 
IoT sensor networks and satellite imagery, to enhance responsiveness and scalability in rapidly changing disaster 
scenarios.

Balancing Prediction and Cost Efficiency

The trade-off between prediction accuracy and cost minimization observed in SLO and ILO suggests opportunities 
for hybrid frameworks. Future research could explore multi-objective optimization models to balance these priorities, 
particularly for crises where both prediction fidelity and cost efficiency are critical.

Limitations and Practical Considerations

Despite the demonstrated strengths of contextual optimization, several practical limitations warrant discussion. The 
ILO framework, while effective in aligning predictions with downstream cost minimization, introduces significant 
computational complexity due to its end-to-end optimization loop and iterative feedback mechanism. This can pose 
challenges for real-time deployment in rapidly evolving disaster contexts where decisions must be made quickly. 
To address this, promising strategies include warm-starting with pre-trained models from similar crisis scenarios, 
leveraging meta-learning to adapt more quickly across tasks, or employing surrogate models and pruning techniques 
to approximate costly optimization steps with lower-complexity alternatives (Donti et al., 2017).

Another key limitation is the reliance on high-quality, timely contextual data. In real-world crisis settings, data may 
be delayed, incomplete, or affected by noise due to sensor failure, infrastructure damage, or reporting l ags. While 
the current study assumes idealized data availability for simulation, future implementations should incorporate 
techniques such as probabilistic imputation, data assimilation, and ensemble learning to manage uncertainty and 
recover missing inputs. Frameworks based on robust optimization or decision-making under partial observability 
(e.g., POMDPs or contextual bandits) offer additional robustness in data-scarce e nvironments. Embedding such 
resilience-enhancing methods into contextual optimization pipelines is a critical direction for improving their 
real-world applicability and operational reliability.

While the current study focuses on minimizing total cost over time, future work could incorporate explicit stability 
metrics or penalty terms for decision volatility. Scenario-based analysis across different crisis intensities would also 
provide insight into how robust and consistent the learned policies remain under varied conditions.

Although ILO offers s trong p erformance i n c ost m inimization, t here a re i mportant s cenarios w here simpler 
frameworks may be more appropriate. For instance, DRO may be preferable in disaster preparedness or compliance-
driven contexts where decision logic must remain transparent and auditable, and where regulatory constraints 
demand consistent, rule-based planning. Similarly, SLO can serve as a practical middle ground in settings where 
real-time adaptation is valuable but full end-to-end optimization may be too resource-intensive. As such, the 
selection of a decision framework should consider not only downstream performance but also practical factors like 
model interpretability, data availability, urgency of response, and deployment feasibility.

Advancing Predictive Modeling in Crisis Contexts

While Random Forest was employed in this study, future work could evaluate advanced machine learning models, 
including neural networks and gradient boosting, for improved prediction robustness in complex crises. Additionally, 
integrating explainable AI (XAI) could enhance model transparency, fostering trust among stakeholders in high-stakes 
decision-making.
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