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Why World Models for Epidemiology?

« Epidemiology has evolved from compartmental models to ML-augmented
forecasting, yet forecast accuracy # policy usefulness

o Humans are adaptive agents; behavior shifts under interventions
Observations are endogenous: policy — behavior — data — policy

o Policy-making requires counterfactual reasoning (“what if?”)

 Forecasting alone cannot answer these questions

World models (WMs) provide the solution by separating latent state
from noisy observations, enabling simulation for counterfactual analysis



WMs in Computational Epidemiology

Core idea: Epidemics as controlled partially observed dynamical systems

Ingredient Equation Interpretation

Latent state x, = (x®P!,xmm xnet ybeh yTeg)|nfection, immunity, contact, behavior & regime
Transition Xey1 ~ Po(Xpqq | X0t ) Latent epidemic state under interventions
Observation 0y ~ Qg(0¢ | Xp,Ap—1 ) Policy-dependent surveillance signals

Belief state hy = ¢(01.4—1,Aq.t—1) Belief state from past observation & actions
Action a; ~ 1y (| he) Proposed actions on current belief state
Dynamics  Pg(x¢yq1 | X607 (xb‘m, a;) ) Indirect effects of actions through behaviors

 Dynamics are action-mediated: interventions affect transmission via behaviors

 Observations are policy-dependent: the same latent state produces different
signals under different testing/reporting regimes



Motivating Challenges

(a) Strategic misreporting in behavioral data
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« Self-reported compliance is
strategically distorted

» Misreporting delays suppression
by biasing policy decisions

v WM separates latent behavior
from distorted observations



Motivating Challenges

(b) Time-lagged surveillance signals
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« Surveillance pipelines
Introduce systematic lag

 Forecasts conditioned on
outdated signals

v WM infers latent state from
delayed observations



Motivating Challenges

(c) Counterfactual intervention analysis
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 lIdentical histories diverge under
alternative policy actions

* Forecasting cannot answer "what if
we acted differently?"

v WM enables intervention-aware
counterfactual simulation



Epidemic WM Framework

Epidemiology World Model

Observations
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Multi-Objective

-> Achieving Desired Immunity Rate...
-> Constraints: Budget, time, ...




Epidemic WM Framework

 Learning & optimization

o World model objective (variational):
T
Lym = z qu(xt)[logﬂe(ot | x¢ )] — .BKL( qu(x1:T) | (o1 | al:T))
t=1

o Policy optimization t+H
n* =argmax, E 2 r(x;, a;)

o Rollouts simulate H-week forward trajectories
Xesreen ~ PoCl Xp, Qepa )

Ot+1:t+H ~ Qe( | Xes1t+0) at:t+H)



Epidemic WM Framework

 Two optimization strategies

o lterative Feedback:

WM outcomes rewrite the LLM policy prompt (no weight updates)

o GRPO:
policy gradient using hospitalization reduction as reward signal



Experimental Settings

Component Implementation

Data Weekly COVID-19, 50 US states, 2021-2022
Policy (Actions) 13-dim OxCGRT NPIs

Horizon (H) 6 weeks

World Model CovidLLM (LLaMA-2-7B + LoRA + GRU)
Policy Model GPT-40-mini / Qwen-7B




Experimental Results

Method Alignment (%) Hosp. Reduction (%)
Policy Eval. GPT-40-mini 44.8 -46.5
Qwen-7B 30.3 -39.1
Policy Optim. Iterative Feedback 49.5 -48.7
GRPO 42.2 -46.1

« Both LLMs exceed historical policy performance (37.1% reduction)
 lterative feedback: best overall prompt refinement via WM rollouts
« GRPO: gradient-based optimization achieves comparable reduction
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Takeaways

« Epidemics are partially observed control systems, well-suited for world models

« Forecasting alone cannot support policy reasoning; it fails under misreporting,
delays, and counterfactual needs

« World models disentangle latent state from noisy, policy-driven observations

« Epidemiological world models enable intervention-aware simulation and
reliable decision support



Thank You!
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