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Abstract

Drug shortages pose critical risks to patient care and health-
care systems worldwide, yet the effectiveness of regulatory
interventions remains poorly understood due to information
asymmetries in pharmaceutical supply chains. We propose
ShortageSim, addresses this challenge by providing the first
simulation framework that evaluates the impact of regula-
tory interventions on competition dynamics under informa-
tion asymmetry. Using Large Language Model (LLM)-based
agents, the framework models the strategic decisions of drug
manufacturers and institutional buyers, in response to short-
age alerts given by the regulatory agency. Unlike traditional
game theory models that assume perfect rationality and com-
plete information, ShortageSim simulates heterogeneous in-
terpretations on regulatory announcements and the resulting
decisions. Experiments on self-processed dataset of historical
shortage events show that ShortageSim reduces the resolution
lag for production disruption cases by up to 84%, achieving
closer alignment to real-world trajectories than the zero-shot
baseline. Our framework confirms the effect of regulatory
alert in addressing shortages and introduces a new method for
understanding competition in multi-stage environments un-
der uncertainty. We open-source ShortageSim and a dataset of
2,925 FDA shortage events, providing a novel framework for
future research on policy design and testing in supply chains
under information asymmetry.

Code — https://github.com/Lemutisme/ShortageSim
Extended version — https://arxiv.org/pdf/2509.01813

Introduction
Every day, clinicians across the globe face an painful deci-
sion: which patient receives the last piece of a life-saving
medication? Drug shortages have escalated from occasional
supply disruptions to a persistent global crisis threatening
the foundation of modern healthcare. Before the COVID-
19 pandemic exposed these vulnerabilities to the public,
the global pharmaceutical supply chain has already experi-
enced multiple crises. Canada (Videau, Lebel, and Bussières
2019), Finland (Sarnola and Linnolahti 2019), and France
(Benhabib et al. 2020) all reported unprecedented shortage
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levels, while the United States has averaged over 130 new
shortage cases annually for the past decade (American Soci-
ety of Health-System Pharmacists 2025). More alarmingly,
the average shortage duration has surged from 9 months
in 2011 (Government Accountability Office 2011) to 14
months in 2016 (Government Accountability Office 2016),
with some critical medications remaining unavailable for
over 8 years. Patients face delayed surgeries, substitution
with less effective alternatives, or no treatment at all. Be-
yond the immeasurable costs of compromised patient out-
comes, these shortages also impose substantial financial bur-
dens. U.S. hospitals alone spend at least $359 million annu-
ally managing shortage related logistics (Vizient 2019).

While drug shortages stem from many causes, this work
focuses on supply disruption driven shortages, a main trig-
ger of drug shortages in the U.S. These shortages often result
from manufacturing capacity reductions due to quality fail-
ures, production line breakdowns, or regulatory compliance
issues (Hopp, Brown, and Shore 2022). For example, two
major manufacturers of propofol recalled their products and
halted production in 2009, and the sole remaining supplier
could not scale to meet the demand, triggering a national
shortage (Woodcock and Wosinska 2013). The propofol case
reveals information asymmetry as a major factor that aggra-
vates the drug shortage problem. Manufacturers guard pro-
duction data as trade secrets, regulators operate with incom-
plete market visibility, and buyers cannot distinguish tem-
porary disruptions from permanent exits. This information
asymmetry transforms manageable supply shocks into pro-
longed crises, as stakeholders make decisions in isolation
that collectively amplify shortages.

Information asymmetry in the U.S. drug supply chain
stems primarily from two causes. First, there exists a cost of
information sharing. Production capacity and quality control
data are commercially sensitive, and disclosing them can ex-
pose competitive weaknesses or invite regulatory examina-
tions. Second, there is a persistent lack of effective commu-
nication channels between manufacturers, buyers, and reg-
ulators. (Hopp, Brown, and Shore 2022) stated manufac-
turers are reluctant to invest without accurate demand in-
formation and regulatory agencies are receives limited in-
formation from manufacturers either. Comparative analy-
ses in (Tadrous et al. 2024) further highlight that, unlike
Canada’s centralized shortage registry, U.S. reporting re-
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mains decentralized and voluntary, delaying signal transmis-
sion to healthcare systems and making similar policies in-
effective. The resulting information asymmetry means the
regulator only sees aggregate shortage levels instead of indi-
vidual capacity losses or buyer inventories.

Recognizing the need for national coordination, the U.S.
Food and Drug Administration (FDA) expanded its regula-
tory authority in 2012 by mandating manufacturers to re-
port potential shortage risks (U.S. Food and Drug Admin-
istration 2013). The agency now maintains a public short-
age database and issues alerts to inform the market about
current or expected shortages. However, these interventions
carry unintended risk of triggering hoarding behaviors to
build safety stock and further exacerbate shortages. Tradi-
tional analytical frameworks using game-theoretic models
struggle to capture how real-world decision-makers inter-
pret ambiguous regulatory language, update beliefs dynam-
ically, and respond to sequential market signals. Moreover,
the subjective and sometimes irrational stockpiling behav-
ior is often ignored. The emerging Large Language Model
(LLM) provides a novel toolset for alleviating the aforemen-
tioned limitations (Wei et al. 2024; Ai et al. 2025; Ning
et al. 2025). To fill the scientific research gap of evalu-
ating regulatory interventions, this work presents Shorta-
geSim, an LLM-powered multi-agent framework for ana-
lyzing the role of information sharing through public an-
nouncement in addressing drug shortage problems. The
framework models FDA regulators, pharmaceutical manu-
facturers, and healthcare buyers as autonomous agents nav-
igating information-constrained environments. Each stake-
holder interprets FDA announcements through its own anal-
ysis, forms beliefs about competitors’ actions, and makes
decisions that ripple through the supply chain.

By creating a controlled experimental environment to
compare reactive and proactive policies, we confirm that
proactive policies lead to increased stockpiling behavior
and worse effect in resolving shortages. ShortageSim en-
ables counterfactual analysis of various FDA communica-
tion strategies and serves as a testbed for future research on
policy design and evaluation. Our contributions are:

• We introduce the first LLM-based multi-agent simula-
tion framework for drug shortage management under in-
formation asymmetry. Beyond traditional mathematical
models, our agents interpret regulatory announcements,
infer market states from partial information and make
context-dependent decisions under uncertainty.

• We collect, process and publicly release a dataset on
2,925 FDA shortage reports and 51 resolved historical
event trajectories, addressing the current reliance of drug
shortage research on synthetic or proprietary data.

• Our framework achieves consistently closer alignment
with historical shortage trajectories than the zero-shot
baseline across four LLM providers, reducing resolution
lag for production disruption cases by up to 84%.

• We provide a flexible testbed for counterfactual policy
evaluation, enabling controlled evaluation of regulatory
strategies, communication designs, and agent decision
protocols in information constrained environments.

Related Works

Drug Shortage Management. Drug shortages in the
United States are well documented in white papers, gov-
ernment reports, and case studies that examine their causes,
impacts, and scope (Kweder and Dill 2013; Fox, Sweet,
and Jensen 2014; Yurukoglu, Liebman, and Ridley 2017;
McLaughlin et al. 2013; Phuong et al. 2019; Patel, Kessel-
heim, and Rome 2021; U.S. Food and Drug Administration.
2016; Edwards 2021). Most of these studies are descriptive,
and root causes of the problem are yet to be investigated rig-
orously through analytical or empirical methods.

Operations management (OM) literature views drug mar-
kets through the lens of optimization and control (Jia and
Zhao 2017; Tucker et al. 2020; Swinney, Wu, and Zhang
2024; Zhao, Jia, and Zhao 2025). The resulting static mod-
els assume rational decisions and overlook dynamic behav-
iors and information asymmetries (Zhang, Li, and Li 2023),
thereby obscuring sparse but critical knowledge and lim-
iting the accuracy of models trained on such data (Zhang
et al. 2024, 2025a). Empirical evidence on policy effective-
ness is likewise limited: although (Lee et al. 2021) show that
mandatory disruption reporting mitigates shortages, the un-
derlying mechanisms are still unclear. We address these gaps
by examining how regulatory announcements influence sup-
ply chain decisions and shortage outcomes.

Agents for Pharmaceutical Supply Chain. Multi-agent
systems have been extensively applied to pharmaceutical
supply chains, though few has applied it to study the im-
pact of regulations on mitigating drug shortages. Tradi-
tional frameworks demonstrate manufacturer-distributor in-
teractions using platforms like MATLAB (Pourghahreman,
Ghatari, and Moosivand 2018) and AnyLogic (Bozdoğan,
Görkemli Aykut, and Demirel 2023), focusing on disrup-
tion response and risk management strategies (Tan et al.
2020). Recent drug shortage prediction models achieve high
accuracy using machine learning approaches on historical
data (Liu et al. 2021; Pall et al. 2023; Postma et al. 2024).
However, these systems treat regulatory actions as external
constraints rather than modeling FDA as an active strategic
agent, and prediction systems remain disconnected from dy-
namic stakeholder response modeling.

The integration of Large Language Models into multi-
agent systems represents a paradigm shift in complex sys-
tem simulations (Li et al. 2023a; Wang et al. 2024; Li et al.
2024a; Qian et al. 2025a,b; Xu et al. 2025). Microsoft’s Op-
tiGuide framework (Li et al. 2023a) pioneered LLM inte-
gration for supply chain optimization. Recent frameworks
demonstrate remarkable scaling and strategic reasoning ca-
pabilities (Li et al. 2023b; Hong et al. 2024; Zhang et al.
2025b; Song, Meng, and King 2024). Game-theoretic ap-
plications show that multi-agent LLM architectures signif-
icantly outperform single LLMs in simulating strategic be-
havior (Li et al. 2024b), while economic simulations like
EconAgent (Li et al. 2023c) demonstrate the ability to pro-
duce realistic macro-level phenomena arising from micro-
level interactions.
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Figure 1: ShortageSim Architecture. The framework models the drug supply chain dynamics through three agent roles: FDA
regulator, buyer consortium, and n competing manufacturers, coordinated by an Environment module. Each agent operates
under information asymmetry (shown in Information Availability) and follows a two-stage LLM pipeline (Analyze → Decide).
The timeline illustrates the sequential decision process from supply disruption through market reaction (details in Sequential
Decision Timeline), capturing realistic stakeholder responses to regulatory announcements during drug shortage events.

Methodology: Shortage Simulation Agents
System Architecture Overview
To address the challenge of modeling decision-making un-
der information asymmetry, ShortageSim employs a multi-
agent simulation framework where LLM-powered agents in-
teract within a drug supply chain. This framework design
captures the nuanced interpretation of regulatory signals and
market conditions, characterizing real-world responses to
shortage events. ShortageSim models the market dynamics
between manufacturers and buyers, under the regulatory in-
terventions by the FDA during drug shortage events. All
agents make decisions under partial information, reflecting
the actual information asymmetry in drug supply chains.

As shown in Figure 1, the framework consists of four core
components: (1) the Environment module manages market
dynamics and state transitions while maintaining informa-
tion barriers among agents, (2) the Agents system imple-
menting role-specific decision-making through LLMs that
interpret partial information and form strategies, (3) the In-
formation Flow that controls inter-agent communication to
simulate the information asymmetries, and (4) the Simula-
tion Controller that operates the overall execution flow and
records all decisions for subsequent analysis.

Market Mechanics and Dynamics
We consider a drug market with n competing manufactur-
ers, a consortium of health care providers as the buyer and

FDA as the regulator. Each manufacturer i possesses a pro-
duction capacity ci. The drug in question is medically neces-
sary, with patient demand modeled deterministically as D0.
Initially, the market is assumed to be in equilibrium, mean-
ing the total production exactly meets the patient demand
D0 until disruptions happen.

We choose not to include intermediary entities like dis-
tributors and group purchasing organizations (GPOs) in the
model, as they primarily facilitate logistics and negotiate
prices respectively without affecting production capacity or
demand dynamics. Their detailed operational data are not
publicly available either. A detailed discussion of this mod-
eling choice is provided in the Appendix.

Disruption Modeling. Our model accounts for internal
supply disruptions on manufacturers’ production capacities.
At the start of each period, each manufacturer faces an in-
dependent probability λ of experiencing disruption. When a
disruption occurs to a manufacturer, its production capacity
is reduced by a fixed fraction δ for t periods and returns to
the regular level afterwards, where t is sampled from dis-
crete uniform distributions.

Demand Allocation Mechanism. In the drug supply
chain, buyers are observed to stockpile when they anticipate
the cumulative orders will exceed the total production capac-
ity (Sterman and Dogan 2015), driven by aversion to stock-
outs. To differentiate from the actual patient demand D0, we
define buyers’ order quantity as demand, denoted by D. Ex-
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cess orders (D − D0) are maintained as buyers’ inventory
for future periods.

In the nominal model, we assume all manufacturers are
symmetric and the total demand D is evenly allocated in
equilibrium. If disruption affects a subset of manufacturers
MD ⊂ [n] = {1, 2, · · · , n}, their production becomes

qi = min

{
D

n
, ci(1− δ)

}
, i ∈ MD. (1)

The resulting unfilled demand is

Dunfill =
∑

i∈MD

(
D/n− ci(1− δ)

)+
,

where x+ = max{x, 0}. This unfilled demand is reallo-
cated evenly among other undisputed manufacturers MU =
[n]\MD, whose production is updated accordingly as

qi = min

{
D

n
+

Dunfill

|MU |
, ci

}
, i ∈ MU . (2)

The total supply is defined as Q =
∑

i∈[n] qi and shortage is
calculated as (D−Q)+. We relax the symmetry assumption
in the Experiment section to analyze different agent behav-
ior under unequal market shares.

Financial Model The simulation’s economic framework
emphasizes the deviation between individual incentives and
collective outcomes, highlighting why market coordination
often fails during shortages.

Each period undisputed manufacturers could ramp up
their capacities at a unit cost Ct to fulfill the unmet patient
demand. Capacity expansion typically involves constructing
new production lines and is assumed to be available one time
period after the investment decision, requiring manufactur-
ers to anticipate future market conditions from regulatory
signals. Moreover, if all manufacturers expand simultane-
ously based on the same signal, potential profits will be di-
luted by overcapacity, creating a coordination challenge.

On the other side, buyers pay the price p to purchase a
unit of drug, incurring a holding cost h for unit leftover
and a penalty s for unit unmet patient demand. As health
providers, buyers are adverse to stockouts, but maintaining
large safety stock imposes inventory costs and forces buyers
to carefully calibrate their response to shortage signals.

Agent Design and Two-Stage Decision Pipeline
Agent Architecture. Each agent in ShortageSim follows
a two-stage decision pipeline of information processing
followed by strategic decision-making. This architectural
choice directly simulates the dynamics of decision making
based on incomplete and ambiguous market signals among
stakeholders. Firstly, Collector & Analyst receives unstruc-
tured context, including FDA announcement text, aggregate
market metrics, and historical demand trend, then produces
a structured representation capturing the agent’s interpre-
tation of the current situation. Secondly, Decision Maker
takes this structured state representation and generates de-
cisions with detailed reasoning. The two-stage design ex-
amines the effects of FDA communications through reason-
ing output and captures the discrepancies in the reasoning

process across different agents. More importantly, this stage
does not require the output decisions to be optimal, an im-
portant assumption for realism. As (Croson et al. 2014) ob-
served, some stakeholders mistrust the rationality of their
competitors’ decisions and respond with suboptimal, even
unreasonable choices.

Role-Specific Agents Design

Manufacturer Agents represent pharmaceutical compa-
nies making capacity investment decisions under uncertainty
about competitor status and future market conditions. The
objective of each manufacturer is to maximize its own profit,
by balancing the opportunity of profiting from competitors’
disruptions and the financial losses from overcapacity when
anticipated disruptions do not occur. To support effective
decision-making, manufacturer agents are instructed to: 1)
understand the overall market structure, demand allocation
mechanisms investment opportunity and risk of overcapac-
ity; 2) infer market conditions from observable signals, reg-
ulatory announcements and the amount of demand it gets; 3)
identify profit opportunities, assess market risks and antici-
pate competitors’ potential decisions; 4) determine whether
and how much to invest in capacity expansion.

Buyer Agent represents a healthcare consortium facing a
variant of the newsvendor problem under supply uncertainty.
With patient safety as their top priority, the buyers can stock-
pile to build safety stock, but must balance the risk of stock-
out against the cost of purchasing and holding excess in-
ventory. To simulate realistic behavior, the buyer agent is
guided to: 1) understand the market structure, own cost pa-
rameters and utility objectives; 2) interpret regulatory signal
and detect changes in supply availability; 3) analyze current
inventory levels and determine risk of stockout; 4) make pur-
chasing decisions that balance the additional cost and the
potential impact of stockouts.

FDA Agent operates under a reactive policy framework,
with a goal of mitigating drug shortage through public
announcements without disclosing any individual stake-
holder’s private information. The announcements should
provide sufficient warnings to induce manufacturers’ invest-
ment during shortage while preventing buyers’ panic hoard-
ing. To issue effective announcements, the FDA agent is
instructed to: 1) understand market structure and its regu-
latory role in mitigating drug shortage; 2) detect supply-
demand imbalances and predict potential shortages; 3) antic-
ipate stakeholders’ response to public announcements; and
4) determine the content and severity level of public an-
nouncements to balance urgency with stability.

Information Asymmetry
Sequential Decision Timeline. As illustrated in Figure 1,
each simulation period follows an organized sequence of
events that mimic information asymmetry in practice, en-
suring agents make decisions based on partial information
available to them in reality. A period begins with a disrup-
tion phase in which affected firms learn their remaining ca-
pacities and recovery times. Next, after observing new dis-
ruptions and aggregate market outcomes from the previous
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period, the FDA decides whether to issue a public announce-
ment. Unaffected manufacturers then simultaneously decide
on capacity investments, based on allocated demand in the
last period and the latest FDA announcements. The buyer
simultaneously determines procurement quantities based on
the amount of demand served in the last period and the same
FDA announcements. Finally, the market clears through the
aforementioned allocation mechanism, with excess supply
or shortage levels determined accordingly..

Information Availability. The framework enforces strict
information separation that mirrors real pharmaceutical sup-
ply chains and complicates decision-making process.

Manufacturers possess complete knowledge of their
own status, including current capacity, recovery time if be-
ing disrupted and past allocated demand. However, they
cannot directly observe competitors status and must infer
through regulatory signals, bringing challenges in building
capacity investment strategies. For example, increase in its
own demand is not sufficient for a manufacturer to deter-
mine whether the surge is caused by a disruption at another
manufacturer or demand fluctuation on the buyer side.

Buyer observes the total supply received each period,
but not the allocation across manufacturers or their produc-
tion capacities. Specifically, when a disruption happens, the
buyer has no information on the remaining recovery time,
bringing challenges to the buyer’s purchasing strategy.

FDA operates outside the supply chain, and thus has no
access to private information of manufacturers and the buyer
except for aggregate shortage levels and the mandated report
of disruptions. Like the real-world agency, no information
on capacity and investment of manufacturers and inventory
levels of the buyer is visible to the FDA in our simulation .

Table 1 summarizes what variables are accessible to man-
ufacturers (Mfrs), buyer, and the FDA, where ✓ indicates
full availability, ✗ means no availability, and ✝ stands for
partial availability, that a manufacturer can only observe its
own status, but not those of their competitors.

Experiments
We evaluate ShortageSim on a self-processed FDA drug
shortage dataset to verify its alignment with real-world tra-
jectories and evaluate the effect of communication by FDA.

Variable Privacy Mfr. Buyer FDA
Disruption ✝ ✗ ✓
Capacity ✝ ✗ ✗
Investment ✝ ✗ ✗
Allocated Demand ✝ ✗ ✗
Total Supply ✗ ✓ ✓
Total Demand ✗ ✓ ✓
Shortage ✗ ✓ ✓
Buyer Inventory ✗ ✓ ✗
FDA Signal ✓ ✓ ✓

Table 1: Information availability for each agent. ✝ = private/-
partial information; ✓ = known; ✗ = not known.

The framework offers a new method for understanding com-
petition in complex, multi-stage environments under uncer-
tainty. It also provides a controlled experiment pipeline for
systematically comparing regulatory policies and agent de-
cision protocols in future research.

Experiment Settings

To evaluate the ability of ShortageSim reproducing histori-
cal shortage dynamics, we collect and preprocess 2,925 FDA
reported drug shortage events and 51 resolved trajectories in
2023 and 2024. These cases are split into two ground-truth
trajectory sets based on their reported shortage reasons. All
reported drugs are grouped and identified by their National
Drug Code (NDC), which uniquely links manufacturers to
specific drug products. The FDA-Disc set comprises events
that the FDA explicitly cites manufacturer production dis-
continuation as the primary cause, while the FDA-NR set
contains cases with no specific cause reported. Each trajec-
tory is truncated upon shortage resolution so its length rep-
resents the total resolution time in quarters. Data curation
details are provided in Appendix.

Each simulation is specified by the number of manufac-
turers (n), shortage duration (T ), disruption probability (λ),
and disruption magnitude (δ). One period corresponds to a
calendar quarter. Following the FDA dataset statistics, we
simulate cases with T ∈ {4, . . . , 12} and n ∈ {2, . . . , 10}.
Monopoly scenarios (n = 1) are excluded because our
model reduces to a trivial case with no decision to be made.
For the FDA-Disc dataset, the disruption magnitude of each
drug is estimated by the proportion of discontinued NDC
packages reported by the FDA. Moreover, each trajectory
starts with an enforced disruption and no separate disrup-
tion probability is specified. Details of parameter selection
are described in the Appendix. At each period t, the frame-
work records total demand, total supply, shortage amount,
buyer’s on-hand inventory, FDA announcements, and the set
of disrupted manufacturers. These variables combined with
all agent decisions generate a simulation trajectory.

We test GPT-4o (Hurst et al. 2024), Gemini 2.5 Flash (Co-
manici et al. 2025), Claude Sonnet 4.5 (Anthropic 2025) and
Deepseek V3.2 Exp (Liu et al. 2024) with temperature 0.3
as LLM backbones for all agents in our simulation. An ab-
lation study on different temperatures is provided in the Ap-
pendix to show performance robustness. For comparison, we
introduce a zero-shot baseline model that generates trajecto-
ries of supply, demand, and shortage dynamics without it-
erative decision-making. The input to the zero-shot model
includes the market structure, financial parameters, demand
allocation mechanisms, investment options, and stockpiling
behavior, serving as a reference to assess the value of our
framework in addressing sequential decision-making under
competition and information asymmetry.

Evaluation Metrics and Results

We evaluate the alignment between the ground-truth and
simulated trajectories based on Resolution-Lag Percentage
(RLP) and FDA Intervention Percentage (FIP).

38325



(1) Resolution-Lag Percentage (RLP). The primary met-
ric measures the accuracy of resolution time in simulation.
Each ground-truth trajectory is truncated upon shortage res-
olution so the reference resolution time for shortage case j is
the trajectory length: tGT

j = Tj . Let s(·)j,t be the shortage level
in period t , where (·) ∈ {GT, sim} denotes ground-truth or
simulation. The resolution time in simulation is considered
as the earliest sustained clearance time. With a shortage-
tolerance threshold of ε = 0.001, define

tsim
j = min

{
t
∣∣ max

t≤u≤Tj

ssim
j,u ≤ ε

}
,

and set tsim
j = Tj + 1 if no such t exists. The resolution lag

percentage for case j is defined as

RLPj =
tsim
j − tGT

j

tGT
j

× 100%. (3)

Positive values indicate slower simulated resolution than the
ground truth, and the resolution is faster if RLPj is negative.

(2) FDA Intervention Percentage (FIP). The secondary
metric presents the frequency of FDA intervention. Suppose
drug shortage trajectory j has Tj periods, let Ij,t be the in-
dicator function of FDA issuing an announcement in period
t = 1, 2, . . . , Tj . The FDA Intervention Percentage is the
fraction of periods that FDA makes announcements:

FIPj =
1

Tj

Tj∑
t=1

Ij,t × 100%. (4)

Results. We present model performance in both datasets
using GPT-4o in Table 2. To demonstrate the robustness
of performance across different LLM providers, results ob-
tained from multiple backbones are reported in Table 3. All
experiments are repeated three times, and RLP, FIP are re-
ported as mean ± standard deviation.

Analysis. Tables 2 and 3 show that ShortageSim achieves
higher accuracy in predicting resolution time than the zero-
shot baseline across all four LLM providers for the FDA-
Disc dataset. The mean RLP values of ShortageSim are con-
sistently closer to zero, with GPT-4o achieving only a 4.5%
mean resolution lag, demonstrating the framework’s effec-
tiveness in reproducing real-world dynamics. This improve-
ment in resolution-time prediction accuracy is robust across
the four tested LLM providers. Wilcoxon signed-rank tests

Provider: GPT-4o

Model Dataset RLP(%) FIP(%)

ShortageSim FDA-Disc 4.5±3.4 82.6±3.0
FDA-NR -34.8±8.7 30.0±5.5

Zero-shot FDA-Disc -28.3±0.2 92.9±0.1
FDA-NR -23.1±1.6 90.4±18.6

Table 2: Evaluation metrics for two ground-truth datasets
under ShortageSim and Baseline using GPT-4o.

Dataset: FDA-Disc

Provider Model RLP(%) FIP(%)

Gemini ShortageSim −35.8± 3.0 79.3± 4.5
Zero-shot −51.9± 2.1 88.3± 1.5

Claude ShortageSim −9.4± 1.4 69.1± 2.3
Zero-shot −32.7± 0.5 75.9± 0.7

Deepseek ShortageSim 19.1± 0.1 84.4± 1.3
Zero-shot −26.6± 1.3 63.7± 2.1

Table 3: Evaluation metrics for the FDA-Disc dataset un-
der ShortageSim and the zero-shot baseline across different
LLM providers.

on absolute RLP values against the zero-shot baseline con-
firms the statistical significance of these gains (p < 0.05).
Details of our statistical tests are provided in the Appendix.

The average FIP is higher for FDA-Disc than for FDA-
NR, consistent with the dataset division criteria. Simulations
of cases in the FDA-Disc dataset begin with forced disrup-
tion and trigger more frequent FDA announcements, while
the FDA-NR dataset exhibits greater randomness in disrup-
tion appearance and duration. This mismatch between sim-
ulation setup and underlying characteristics of the FDA-NR
dataset explains the observed deviation in model outputs.

To evaluate the effect of FDA communication under lim-
ited information, we also compare ShortageSim with a vari-
ant that disables FDA’s announcement mechanism on the
FDA-Disc dataset using GPT-4o. The no-announcement set-
ting yields a significantly higher RLP (19.1% vs. 4.5%),
highlighting the effect of FDA’s announcements in resolv-
ing drug shortage under information asymmetry. Without the
regulator’s intervention, the buyer remains stockpiling be-
havior after detecting disruption from unsuccessful delivery,
while manufacturer becomes more conservative in expand-
ing capacity due to the lack of trusted public signals.

Effect of Market Competition
Different from the standard game theory model, our frame-
work introduces a new paradigm for understanding compe-
tition in multi-stage environments under uncertainty.

We first analyze how manufacturer’s investment decisions
vary with market competition intensity, measured by the
number of manufacturers. The 40 trajectories in the FDA-
NR dataset are partitioned into four segments with {2}, {3},
(3, 5], and (5, 10] manufacturers, containing 15, 10, 10, and
5 trajectories, respectively. For trajectory j with Mj manu-
facturers and Tj periods, the average supply per period is
defined as

q̄j =
1

Tj

Tj∑
t=1

Mj∑
m=1

qm,t,

where qm,t is the quantity produced by manufacturer m in
period t. As Figure 2 shows, the mean of q̄j decreases as
the number of manufacturers increases, reflecting that more
intense competition leads to lower profit margin, which dis-
courages undisrupted manufacturers to invest. In duopoly
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Figure 2: Effect of market competition on supplier invest-
ment (average supply per period)

markets, manufacturers invest more heavily in adding new
capacities because they are guaranteed to capture unmet de-
mand when the only competitor is disrupted. On the con-
trary, as competition intensifies, rationales generated by
manufacturer agents increasingly emphasize terms such as
maintaining and competitors, mirroring their conservative
strategies. This observed decrease in supply as competition
intensify aligns with empirical findings in (Lee et al. 2021).
Instead of equilibrium analysis under the assumption of per-
fect information, our LLM-based simulation system repro-
duces these patterns. This system serves as a novel approach
for understanding competitive dynamics and evaluating ef-
fects of regulatory interventions for drug shortage problems.

Since competition intensity is also affected by the mar-
ket share among manufacturers, we relax the symmetry as-
sumption and analyze competition under unequal market
shares. Specifically, we enable asymmetric demand alloca-
tion proportional to manufacturers’ available capacities. A
case study with three manufacturers holding 60%, 30%, and
10% of the market shows asymmetric responses: when one
of the smaller manufacturers is disrupted, only the dominant
one expands production capacity, reflecting the expectation
that a larger market share enables it to capture the unmet
demand. Conversely, when the largest manufacturer is dis-
rupted, the two smaller competitors expand their capacities
proportional to their respective market shares and as a result,
the total supply of the drug remains stable. These results in-
dicate that market share affect risk attitudes and coordination
incentives of manufacturers during shortages. Future work
can extend these findings to jointly model coordination and
competition among manufacturers.

Counterfactual Policy Experiments
Our framework demonstrate substantial improvement in pre-
diction accuracy of shortage resolution; it also provides flex-
ibilities to test different policy designs. The FDA currently
employs both proactive measures (e.g. mandating disruption
reporting) and reactive interventions (e.g. expediting new
drug approvals) to mitigate shortages. However, stockpiling
behavior occurs when buyers anticipate future shortages, so
early warning may inadvertently intensify shortages. This

double-edged sword effect persist in other early-warning
systems (Boettiger and Hastings 2012; Nof, Yagoda-Biran,
and Zwebner 2025). Our framework is the first to quanti-
tatively explore this trade-off in the context of drug short-
age early detection, conducting counterfactual experiments
in comparing two FDA policy regimes: a reactive policy that
issues alerts only after confirmed shortages, and a proactive
policy that warns of potential disruptions based on early in-
dicators. Using proactive policy in the FDA-NR dataset, the
average buyer stockpiling quantity increases from 7.7% to
16.9%, yet total supply is largely unchanged. When the FDA
makes advisory announcements, uncertainty about future
demand is the major reason that manufacturers not invest-
ing in additional capacity. In contrast, because holding costs
are lower than stockout penalties, buyers face less downside
risk and tend to increase stockpiling.

These results highlight that ShortageSim is not lim-
ited to reproducing historical trajectories, but can also per-
form counterfactual policy evaluations. By modifying agent
prompts, the framework can simulate market response to dif-
ferent regulatory strategies, for example, specific content for
manufactures and buyers, quantitative vs. qualitative details
and the linguistic framing of FDA communications.

Conclusion
We develop ShortageSim , a multi-agent simulation frame-
work that captures strategic interactions of regulators, man-
ufacturers, and buyers under information asymmetry and
random supply disruptions. Along with the framework, we
collect, process and open-source a real-world drug short-
age dataset from the FDA shortage list, as a public bench-
mark for future research. Experiment results on this dataset
demonstrate that ShortageSim achieves better alignments
with high-temporal resolution than the zero-shot baseline.
Beyond reproducing historical trajectories, our framework
also enables controlled comparisons of regulatory strate-
gies and realistic agent decision protocols. By building this
framework, we contribute a new methodology to study dy-
namic decision-making under competition and the effect of
regulatory interventions, in the presence of random disrup-
tions and information asymmetry.

Limitations and Future Work
Although ShortageSim provides a flexible testbed for pol-
icy and behavioral analysis, several modeling assumptions
can be refined to improve external validity. First, the effect
of disruption is represented by 20% reduction of a manu-
facturer’s production capacity and the disruption duration
is sampled from the same uniform distribution. In practice,
these parameters vary across drugs. Future extensions could
incorporate data-driven estimates to capture this heterogene-
ity. Second, supply disruption are modeled as independent
events, but in reality, they may arise from shared causes like
raw material shortages or natural disasters. Modeling cor-
related disruptions would more accurately reflect systemic
risks. Lastly, although intermediary agencies like whole-
salers do not directly change supply or demand, including
them could provide deeper insights into coordination chal-
lenges within the drug supply chain.
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Ethical Statement
All analyses in this work rely on anonymized, publicly avail-
able FDA shortage list and therefore raise no privacy con-
cerns. We discuss the potential risks of hoarding behavior
and show these effects can be reproduced in simulation for
policy stress-testing. More broadly, our framework is in-
tended as a research testbed for evaluating policy interven-
tions rather than a prescriptive decision-making tool, thereby
reducing the risk of misuse.
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