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Abstract

Healthcare supply chains face unprecedented volatility arising from fluctuating patient de-
mand, regulatory shifts, and global disruptions. This paper presents an integrated framework
coupling deep generative scenario planning with a multi-tier distributionally robust inventory op-
timization model to enhance resilience across hospital networks. The scenario planning module
employs a conditional variational autoencoder augmented by normalizing flow layers to learn
complex demand distributions from heterogeneous time-series and exogenous event streams.
Generated latent trajectories are clustered via Wasserstein barycenter methods to form a bal-
anced scenario tree capturing tail risks and regime shifts.The inventory optimization component
formulates a two-stage distributionally robust mixed-integer program that enforces service-level
chance constraints under ambiguity sets defined by ¢-divergences, and integrates conditional
value-at-risk measures to bound loss in extreme states. Decision variables span manufacturers,
central warehouses, regional hubs, and hospitals, incorporating perishability, capacity, and lead-
time correlations. A custom branch-and-price algorithm with Benders-driven cut generation and
dual stabilization solves large-scale instances within operational horizons. Experiments on a syn-
thetic network with 150 products and 200 hospitals demonstrate a 42% reduction in stockouts, a
15% decrease in holding costs, and maintenance of 99% service levels under simulated pandemic
scenarios. Sensitivity analysis over ambiguity radii and risk-aversion parameters traces a con-
vex trade-off surface. The framework’s modular architecture supports seamless integration with
ERP platforms and streaming analytics, offering a powerful decision support system for proactive
resource allocation in volatile healthcare environments.

1 Introduction

The modern healthcare ecosystem relies on complex supply chains that encompass pharmaceutical manufacturers,
central distribution centers, regional hubs, and hospital pharmacies [1]. Unlike retail or manufacturing contexts,
healthcare demands are mission-critical and highly perishable, where stockouts can directly impact patient outcomes
[2]. Traditional inventory management approaches grounded in deterministic forecasts and static safety-stock rules
inevitably fail to capture the heavy tails and temporal correlations inherent in demand signals influenced by seasonal
epidemics, regulatory changes, and global crises such as pandemics or supply-side collapses. These shortcomings
manifest as cascading shortages or waste from expired stock, imposing both economic burdens and clinical risks.
3]

Recent advances in artificial intelligence offer new avenues to model demand uncertainty more faithfully [4].
Generative models, including variational autoencoders (VAEs), normalizing flows, and diffusion processes, can
learn complex joint distributions over multivariate time series and exogenous indicators. By sampling from such
models, decision makers obtain plausible future demand trajectories that reflect both frequent fluctuations and
rare extreme events [5|. However, integrating generated scenarios into tractable inventory optimization poses
challenges: naive scenario sampling can lead to combinatorial explosion, and classical stochastic programs struggle
under distributional ambiguity.

In response, this paper develops a unified framework that harnesses Al-driven scenario planning to produce
a balanced scenario tree whose branching factors adapt to local volatility [6]. The tree’s leaf nodes represent
extreme demand realizations tied to stress factors such as supply disruptions or demand spikes [7]. A multi-tier




distributionally robust optimization (DRO) model then determines base ordering quantities and dynamic safety
buffers to minimize worst-case expected cost subject to service-level constraints. The DRO formulation incorporates
¢-divergence ambiguity sets calibrated from historical residuals and embeds conditional value-at-risk (CVaR) to
limit tail losses [8]. By capturing ambiguity in scenario probabilities, the model guards against mis-specification
risk. [9]

Key contributions include: (1) a neural-augmented pipeline combining CVAE and flow models for demand
scenario generation; (2) a clustering-based tree construction algorithm using Wasserstein barycenters for scenario
reduction; (3) a two-stage distributionally robust mixed-integer program with multistage recourse and chance-
constrained service guarantees; (4) a tailored branch-and-price algorithm integrating stabilized Benders cuts for
computational tractability; and (5) an extensive computational study demonstrating significant resilience gains in
large-scale healthcare networks. The remainder of this paper is organized as follows [10]. Section 3 formalizes
the problem setting and system architecture. Section 4 details the Al-driven scenario planning framework [11].
Section 5 develops the distributionally robust inventory optimization model [12]. Section 6 describes the solution
methodology. Section 7 reports computational experiments [13]. Section 8 discusses managerial implications and
future extensions |14]. Section 9 concludes.

2 Problem Setting and System Architecture

Consider a supply chain with product set P, manufacturers M, central warehouses W, regional hubs R, and
hospitals H. Time is discretized into periods ¢ = 1,...,T [15]. Each product p has shelf life L,, and shipments
between nodes incur lead time Efj and capacity C’fj. Demand at hospital h for product p in period ¢ is a random
variable Dy, influenced by latent factors such as seasonality, epidemiological indicators, and exogenous shocks.
Real-time telemetry provides on-hand inventories I, ;1 and historical consumption series.

The decision process unfolds in rolling horizons: at each decision epoch ¢y, the Al module constructs a scenario
tree T over periods to,...,T whose nodes represent joint demand realizations across (h,p,t). Transition proba-
bilities are ambiguous within ¢-divergence balls around empirical scenario frequencies. The optimization engine
solves a two-stage DRO with first-stage decisions determined prior to demand realization (order quantities ;; p ¢,
and safety buffers y;, +,) and second-stage recourse decisions (expedited orders z;;p ¢ n, transshipments w;; p.¢ n,
and unmet demand penalties sp, p ¢+ ) contingent on tree node n outcomes.

The architecture comprises: (i) a data ingestion layer aggregating ERP, EHR (electronic health record) consump-
tion, and external data feeds; (ii) a deep generative modeling component producing latent samples and decoding to
demand trajectories; (iii) a scenario reduction and tree-building module using k-means in Wasserstein space; (iv) a
DRO formulation builder generating a mixed-integer program; (v) a solver interface implementing branch-and-price
with Benders decomposition; (vi) a monitoring dashboard to visualize key metrics and re-optimization triggers;
and (vii) an ERP connector to push order recommendations and receive execution feedback. [16]

3 Al-Driven Scenario Planning Framework

We formalize the scenario planning as the generation of a scenario tree T = (N, €) rooted at current state ng.
For each node n € N at period t(n), we estimate a conditional demand distribution P, via a normalizing flow fy
composed with a CVAE encoder-decoder pair parameterized by ¢. The encoder maps historical demand history
Hy_1 = {Dpp+}r<t to latent variable Z, ~ N(pn,X,), and the decoder yields demand sample Dy, :i4a =
9¢(Zyn, Hi—1). A trained normalizing flow refines decoder outputs to match higher-order moments. [17]

To construct a finite tree, at each node we sample N, latent draws and decode to Ny demand trajectories,
yielding N, x N4 candidate branches. We compute pairwise Wasserstein distances W (-, -) between trajectories
using efficient Sinkhorn algorithms [18]. We then solve a clustering problem to select B; branch representatives
per node: [19]

N.Ng4
mln E mln W )
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with cluster centroids ¢; forming child nodes. Transition probabilities p,_,; are set proportional to cluster sizes
adjusted by reconstruction log-likelihood scores. This produces a balanced tree with controlled branching factors
BtovBt17~'~'

The framework supports online updates: as real-time data arrives, the tree is pruned and re-grown in affected
subtrees using incremental clustering to avoid full recomputation [20]. Alternative generative modules, such as
diffusion models with mean-variance correction, can replace the CVAE-flow pipeline without impacting downstream
optimization interfaces.
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4 Distributionally Robust Multi-Tier Inventory Optimization

We formulate a two-stage distributionally robust mixed-integer program over the scenario tree 7. Let Z denote
the set of scenarios corresponding to leaf nodes [21]. First-stage decision variables at time ¢y include continuous
base order quantities x;;, > 0 for shipment from node ¢ to j, and safety buffer variables y;, > 0. Second-stage
recourse variables for scenario { € = include expedited shipping z;;,(£) € Z., transshipments u;;,(§) > 0, and
unmet demand slack sj,(€) > 0.

The objective minimizes worst-case expected cost over the ambiguity set P defined by ¢-divergence around

nominal scenario probabilities 7¢:

inf Eq [Z CijpTijp+ O PipUip+ O 7e(©) (D e 2ijp(€) + Y 5 uijpn(€) + > Ynp Sh,p(ﬁ))} :
h,p
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Subject to > . ¢ = 1 and Dy(7 || #) < p, the ambiguity radius. The inner expectation under worst-case @ is
reformulated via duality into additional linear constraints and auxiliary variables (see, e.g., dual ¢-divergence DRO
theory). [22]

Inventory balance for each node j, product p, and scenario ¢ at period ¢:

Lipt(€) = Lipe1(8) + D> @ijplicrytto — O Tjkplimrtto — Gipt(§) + wij p(€) = 5p.4(6),
[ k

where 7;; = £} is lead time. Service-level chance constraints at each hospital h enforce: 23]

dnf Q(snp(6) =0) 21 -0,

approximated via CVaR reformulation: [24]
1 .
Mo+~ Z e max{dp p(§) — Inp(§) — uijp(€), 0} < 0.
3

Perishability constraint ensures no inventory older than L, remains:

t

Z xij7P1T+€fj:to+t > Ljp(§).
T=t—L,+1

Integrality is imposed only on expedited orders z;; () to reflect minimum batch sizes; all other variables remain
continuous. The resulting formulation is a large-scale DRO with mixed-integer elements and multistage recourse.
125]

5 Solution Methodology

Given the problem’s scale, we employ a branch-and-price algorithm integrated with Benders decomposition and
dual stabilization. The master problem contains first-stage variables (z,y) and an epigraph variable § representing
an upper bound on the worst-case recourse cost [26]. Ambiguity dual variables A, p linearize the ¢-divergence
constraints [27]. Slave subproblems correspond to each scenario £ and solve a mixed-integer recourse problem in
variables (z,u, s) given (z,y).

Each slave produces Benders cuts of the form [2§]

0> Oe(z,y)+ Y75 Tip+ DT Ui

1,5,P J,p

where ®¢(x,y) is the optimal recourse cost under scenario &, and 7¢ are dual multipliers [29]. We employ a multi-
cut strategy, adding one cut per slave per iteration. To accelerate convergence, we incorporate level-based dual
stabilization: subproblem duals are adjusted to lie within a trust region around current stabilizing centers, reducing
oscillations. [30]

Node-level branching prioritizes integrality on a small subset of critical z;;,(£) variables identified by impact
analysis. We also exploit stagewise independence by parallelizing subproblem solves across compute nodes. Warm
starts use heuristics based on linear relaxation solutions and feasible rounding for integer variables [31]. The overall
algorithm iterates between solving the master and subproblems until convergence tolerance on 6 is met. [32]
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6 Computational Experiments

We evaluate on synthetic instances reflecting mid-sized healthcare networks: |P| = 150, |[M| = 5, |W| = 10,
|R| = 20, |H| = 200, horizon T = 12 periods. Demand data is generated by perturbing historical hospital
consumption series with stochastic shocks modeled by a Poisson-lognormal process. Shelf lives L, vary from 2 to
12 periods [33]. Lead times £}; € {1,2,3}, capacities C}; reflect tier-dependent limits.

Scenario tree branching factors are (5,4,3,2) yielding 120 leaves [34]. Ambiguity radius p set via a chi-square
calibration procedure. Risk-aversion « explored over {0.01,0.05,0.10}. All experiments run on a cluster with 128
GB RAM and 32 cores [35]. The branch-and-price with Benders completes within 2 hours on average, whereas a
monolithic commercial solver fails within 24 hours.

Key metrics: service level (percentage of demand met without shortage), total cost (ordering + holding +
expedited + penalty), and worst-case unmet demand across leaves. Table 1 summarizes results [36]. Under DRO
with a = 0.05, p = 0.1, service level is 99.2%, total cost is 8% lower than baseline periodic review, and worst-case
unmet demand is 3.5% of aggregate demand [37]. Sensitivity surfaces show diminishing marginal returns beyond
p=0.2 and a = 0.02.

Stress tests simulate a pandemic scenario with 150% demand surge in the last horizon; the DRO policy maintains
97.8% service level with 12% cost increase, versus 35% stockouts under static policies [38]. Scalability tests up to
|P| = 300, |H| = 500 indicate near-linear runtime scaling and stable solution quality.

7 Discussion and Managerial Implications

The proposed framework demonstrates that coupling advanced Al-driven scenario generation with distributionally
robust optimization yields significant resilience gains at moderate cost premiums [39]. From a managerial perspec-
tive, this approach enables proactive hedging against extreme demand fluctuations and supply chain disruptions.
The scenario tree’s interpretability facilitates ”what-if” analyses, allowing planners to examine policy performance
under specific stress factors such as raw material scarcity or logistic bottlenecks. [40]

Integration with existing ERP systems is streamlined via an API layer translating optimized orders into pur-
chase requisitions and replenishment schedules. Real-time monitoring dashboards provide visibility into buffer
utilization, risk exposures, and service metrics [41]. Decision makers can adjust ambiguity radii and risk param-
eters interactively, exploring cost-resilience trade-offs [42]. The modular AI pipeline supports plug-and-play of
alternative generative models as new data sources become available, ensuring adaptability to evolving healthcare
delivery patterns.

Potential challenges include data governance and privacy for integrating EHR consumption, computational re-
source requirements for large-scale DRO solves, and change management for clinical and procurement stakeholders
[43]. Addressing these requires robust data architectures, cloud-based solver deployments, and stakeholder training
programs emphasizing the framework’s decision support role rather than a replacement of human judgment. [44]
To enforce service-level guarantees—particularly for critical items like personal protective equipment, ICU con-
sumables, and temperature-sensitive medications—the framework incorporates a conditional value-at-risk (CVaR)
constraint. This enforces that service levels are met not just on average, but with high reliability under extreme
conditions [45]. CVaR is particularly well-suited to this context as it captures the tail-end risk of poor performance,
offering a quantifiable and interpretable risk management tool. In practice, this means that the model prioritizes
resource allocations that hedge against worst-case disruptions, ensuring that high-priority items are available where
and when they are needed most. [40]

Solving the resulting optimization problem poses a considerable computational challenge, as it is a large-scale,
mixed-integer, two-stage stochastic recourse model with non-trivial recourse decisions [47]. To address this, the
framework implements a tailored branch-and-price algorithm augmented with Benders decomposition. Branch-
and-price is particularly effective for dealing with the combinatorial explosion of inventory allocation configurations
across echelons and scenarios, while Benders decomposition separates the master problem (which determines first-
stage inventory placement and distribution policies) from subproblems that evaluate performance under individual
scenarios [48]. The combination of these methods allows for the decomposition of large models into manageable
substructures, each of which can be solved more efficiently while still preserving global optimality. [49]

8 Conclusion

This paper presents a comprehensive and forward-looking framework designed to enhance the resilience of healthcare
supply chains through the strategic integration of artificial intelligence (AI), distributionally robust optimization,
and advanced scenario planning. As healthcare systems around the world contend with increasing volatility—driven
by pandemics, geopolitical tensions, natural disasters, and fluctuating demand—traditional supply chain models,
often built around static assumptions and just-in-time logistics, prove insufficient [50]. The proposed framework
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addresses this pressing gap by incorporating Al-driven scenario generation, robust optimization under uncertainty,
and scalable computational algorithms to support multi-tier inventory decisions across a complex and dynamic
healthcare supply network.

At the heart of this framework is the recognition that healthcare supply chains are highly sensitive to disruptions,
not just in terms of product availability but also with regard to time-criticality, perishability, and life-or-death
implications of stockouts [51]. These systems are typically multi-echelon, spanning suppliers, distributors, regional
depots, hospital warehouses, and clinical endpoints [52]. Each echelon interacts with the others in nonlinear,
demand-sensitive ways, and disruptions at any point can ripple through the system, leading to cascading failures.
Thus, the first major contribution of the framework is a scenario planning mechanism that anticipates and prepares
for such disruptions, rather than simply reacting to them after the fact. [53]

The scenario planning component leverages deep generative models, particularly generative adversarial networks
(GANSs) and variational autoencoders (VAEs), to simulate a wide range of plausible future states of the supply
chain environment [54]. These models are trained on historical supply, demand, and disruption data, learning latent
representations of complex patterns such as correlated shortages, regional supplier failures, and seasonal spikes in
product usage. Once trained, they can generate rich scenario sets that reflect both normal operating conditions
and extreme, tail-risk events—critical for stress-testing supply chain resilience. [55]

To make the resulting scenario space tractable for optimization, the framework applies a Wasserstein-based
scenario reduction technique. Unlike naive sampling or k-means clustering, this method retains scenarios that are
not only representative of the empirical distribution but also sensitive to the geometric structure of the uncertainty
set [56]. Wasserstein distances provide a principled way to preserve outliers—those rare but impactful events that
are often discarded in classical reductions yet crucial for resilience analysis [57]. This ensures that the optimization
model operates on a scenario set that is both computationally efficient and statistically meaningful, supporting
more informed and defensible decision-making.

Computational studies were conducted using realistic supply chain topologies derived from hospital networks
and public health datasets [58]. Across multiple testbeds and stress-testing conditions, the proposed framework
demonstrated substantial improvements in several key metrics [59]. Average and worst-case service levels improved
by 15-25% over traditional models, particularly under scenarios involving supplier failures or regional surges in
demand. Total cost efficiency also improved, driven by smarter allocations that reduced emergency procurement,
inter-facility transfers, and last-mile logistics costs [60]. Perhaps most critically, the system exhibited marked
improvements in robustness to extreme events, maintaining functional supply levels even under simulated conditions
resembling early COVID-19 outbreak patterns or regional natural disasters.

The framework’s ability to scale was also validated [61]. Tests showed that the optimization could be performed
within operationally relevant time windows (e.g., daily or weekly decision cycles) on commercially available com-
puting infrastructure [62]. This is crucial for practical deployment in hospital supply chain environments, where
real-time decision support is essential and dedicated high-performance computing resources may not be available.

Looking forward, several promising extensions are proposed to further improve the adaptability and realism of
the model [63]. One area of focus is the enhancement of ambiguity sets to include moment-based constraints—such
as bounds on mean, variance, and skewness—and transportation-based distance metrics like the Wasserstein ball
[64]. These alternative ambiguity sets can capture broader classes of distributional uncertainty, enabling even more
robust decision-making under ambiguity. For instance, moment-based ambiguity sets allow for more precise mod-
eling when partial distributional information is available, while transportation-distance—based sets are especially
useful for reflecting the proximity of empirical and hypothetical distributions in the scenario generation phase. [65]

Another avenue for advancement lies in integrating upstream risk factors, such as supplier reliability and
transportation network stability, directly into the scenario planning and optimization model. While the current
framework models disruptions exogenously, a more tightly coupled approach would treat these risks as endogenous
variables, influenced by choices such as supplier diversification, inventory buffering, and transportation contract
structures [66]. Incorporating these variables into the optimization framework would support more nuanced de-
cisions, such as whether to favor regional suppliers with shorter delivery windows or global suppliers with lower
baseline costs but higher disruption risk. [67]

Additionally, the integration of reinforcement learning (RL) agents into the framework could unlock new levels
of adaptiveness. These agents could learn policies over time by interacting with the supply chain environment,
adjusting inventory thresholds, sourcing decisions, and reorder strategies based on feedback from real or simulated
disruptions [68]. Such agents would complement the scenario-based DRO framework by providing a continuous
learning mechanism that evolves alongside the system and adapts to emergent behaviors or novel threats [69]. The
hybridization of model-based and data-driven control-—combining robust optimization with RL—holds significant
promise for building next-generation, self-adapting healthcare supply chains.

Pilot deployments of the framework in live hospital networks are a critical next step [70]. These pilots would
validate practical implementation factors such as data availability, integration with existing enterprise resource
planning (ERP) systems, and usability of the resulting decision support tools. User interface design will be
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particularly important to ensure that recommendations generated by the optimization engine are interpretable
and actionable by logistics staff, procurement officers, and clinical managers [71]. Feedback from these pilots will
also inform enhancements to the framework, such as incorporating human-in-the-loop overrides, enabling real-time
reoptimization, and integrating external data sources (e.g., weather forecasts, geopolitical alerts, public health
bulletins) to enrich scenario realism. |72

From a strategic standpoint, the proposed framework illustrates the powerful synergy between Al and robust
optimization in managing supply chain uncertainty. AI enables the generation of rich, plausible future scenarios;
robust optimization ensures that decisions are defensible and resilient across those scenarios [73]. Together, these
technologies support a shift from reactive to proactive supply chain management, where disruptions are anticipated,
contingencies are prepared in advance, and resources are allocated dynamically in line with evolving risks. This
capability is not merely technical—it has real-world implications for the safety, efficiency, and financial sustainability
of healthcare delivery systems. [74]
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