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Abstract

Early recognition of chronic conditions is critical to ensure patients receive timely in-
terventions and support. Passive surveillance of routine electronic health records (EHRs)
provides information about longitudinal health trajectories that can support prompt recog-
nition and inform associated early actions. However, relevant information is acquired at
a different rate for each patient, and there is an inherent trade-off between the earliness
versus the specificity of diagnosis and related actions. Therefore, determining when to alert
providers about a likely chronic condition requires us to weigh the predicted risk at the
given time against the anticipated value of future information. To address this challenge,
we analyze the optimal timing of early alerts using a Partially Observable Markov Deci-
sion Process (POMDP) with asymmetric reward. To learn an optimal alerting policy, we
then propose a model-free reinforcement learning (RL) framework tailored to long-term
clinical event surveillance from EHRs. Our proposed framework overcomes the pervasive
issue of right-censoring in offline EHRs by leveraging a pseudo-label imputation approach.
We also analytically demonstrate that entropy-regularized RL enables post-hoc threshold
calibration to adapt the learned policy to specific preferences regarding the importance
of earliness versus specificity without retraining. Systematic evaluations in synthetic data
reveal that the advantage of RL-based look-ahead planning is maximized when diagnostic
evidence emerges in predictable information bursts. Finally, real-world validations on two
clinical cohorts show that our policy achieves an actionable lead time of 20.9 months prior
to Alzheimer’s disease diagnosis and 8.7 months prior to autism diagnosis in a pediatric
cohort, both at 90% specificity. Our method and results provide a generalizable blueprint
for optimal surveillance of chronic disease processes.

1. Introduction

In clinical practice, the definitive diagnosis of a chronic disease often lags substantially be-
hind the actual onset of its underlying pathology. Promptly identifying the emerging disease
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state widens the window for protective interventions and often increases their effectiveness.
Electronic Health Records (EHRs) allow long-term, passive surveillance of health status by
repeatedly capturing snapshots of patient health. However, translating these longitudinal
observations into an actionable risk alert introduces an important trade-off between the
earliness versus the accuracy of the alert. Because predictive signals are often weakest in
the earliest stages of disease progression, premature alerts carry a high risk of false posi-
tives, which can lead to alarm fatigue and erode clinician trust (Pierce et al., 2019). This
dilemma is particularly pronounced in chronic conditions with extended prodromal phases,
such as Alzheimer’s disease (Lukkien et al., 2024) or developmental conditions in childhood
(Burgess et al., 2025). For instance, poor eye contact at 18 months can be a sign of autism,
but can also reflect temporary shyness. However, waiting until school-age for unambiguous
behavioral features eliminates this uncertainty, but at the cost of missing a critical window
for neurodevelopmental intervention. Consequently, an effective early alerting system must
dynamically navigate this trade-off to maximize alert earliness without unduly compromis-
ing specificity.

We conceptualize the decision-making task of whether and when to alert a clinician (or
trigger subsequent screening) as a Partially Observable Markov Decision Process (POMDP).
This framework mirrors longitudinal EHR data in the preclinical phase, where the health
system captures noisy observations of a patient’s latent health status through routine en-
counters. Based on observations from each new visit, the early alerting agent updates its
belief and must decide between continuing passive monitoring or triggering a proactive
alert. Unlike traditional cost-effective early classification tasks that uniformly penalize the
step-wise data acquisition cost (Ji and Carin, 2007), this setting features a fundamental
asymmetry in temporal cost, because passive surveillance through EHRs is virtually cost-
less for the healthy population. Consequently, the temporal delay cost falls exclusively
on individuals on a disease trajectory, representing an irreversible loss of opportunity to
intervene during the preclinical phase, when intervention is often most effective.

Drawing on recent advances in deep reinforcement learning (RL) for early sequence
classification (Sharma and Singh, 2019; Martinez et al., 2020), we propose a model-free RL
framework to directly solve this early alerting POMDP. By utilizing an end-to-end architec-
ture optimized via reward maximization, our approach directly maps longitudinal patient
trajectories to optimal discrete actions at each step, namely to (a) continue surveillance,
or (b) trigger an alert. Crucially, this model-free paradigm bypasses the computational
bottlenecks associated with explicit uncertainty quantification and belief modeling in high-
dimensional, long-sequence EHR spaces (Li et al., 2021). Instead, it allows the policy
network to implicitly encode complex uncertainty dynamics and anticipate the value of
future clinical information directly inferred from raw sequential observations. Ultimately,
this yields a context-aware early alerting policy that dynamically adapts its alerting deci-
sion based on the patient’s unfolding risk profile and uses look-ahead planning to achieve
an optimal trade-off across the population.

However, this framework is hindered by the incomplete nature of longitudinal EHR
data, where patients frequently exit the monitoring window before a target event is con-
firmed, resulting in a substantial number of right-censored trajectories. Naively treating
unconfirmed trajectories as negatives distorts the reward signal, resulting in an overly con-
servative policy as the agent overcompensates for the artificially deflated specificity caused
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by right-censoring. To address this problem and provide censoring-aware early alerting
policies, we propose a novel reward imputation approach. This approach integrates pseudo-
labels derived from an auxiliary deep mixture cure model to recover reward signals for
right-censored trajectories, while preserving definitive labels for those with observed out-
comes. This extension effectively enables the early alerting RL agent to safely leverage
the full offline dataset without discarding valuable partial trajectories while mitigating cen-
soring bias. Furthermore, we notice that the clinical priorities for early detection versus
controlling FPR vary across different healthcare institutions and resource settings. How-
ever, standard RL policies usually encode a single, fixed trade-off preference during training,
which requires computationally expensive retraining to accommodate each new preference
shift. To overcome this limitation, we introduce a post-calibrated preference adaptation
workflow that is grounded by the theoretical properties from entropy-regularized Proximal
Policy Optimization (PPO) learning. We mathematically and empirically demonstrate that
post-hoc threshold shifting on the predicted logits serves as a principled, first-order ap-
proximation for preference interpolation. This approach empowers clinicians to tune the
system’s sensitivity across diverse clinical settings without preference-specific retraining.

To rigorously evaluate our proposed RL framework, we conduct systematic experiments
across both synthetic data and real-world clinical data. Through diverse simulated scenar-
ios, we investigate the specific clinical conditions under which RL-based look-ahead planning
outperforms myopic supervised baselines. The simulated trajectories mimic varied infor-
mation dynamics that might be observed in clinical practice, including gradual evidence
accumulation of diagnostic evidence versus predictable information bursts from diagnos-
tic testing. Furthermore, we demonstrate the robustness of our censoring-aware extension
across a spectrum of feature-dependent time-to-event dynamics. Finally, we validate the
practical utility of our framework on two real-world cohorts for early alerting of Alzheimer’s
Disease (AD) and Autism Spectrum Disorder (ASD), respectively, establishing its efficacy
in delivering actionable and highly specific early alerts across distinct clinical settings.

Generalizable Insights about Machine Learning in the Context of Healthcare

• Balancing earliness against specificity for early risk alerting is a dynamic, patient-
specific trade-off. Model-free RL provides a principled framework to navigate this by
actively anticipating the value of future diagnostic information. Crucially, this look-
ahead planning delivers the greatest clinical benefit when diagnostic evidence arrives
at predictable key time points (e.g., scheduled assessments).

• Right-censoring not only biases the learned event risk, but also artificially deflates
the perceived disease prevalence, forcing models into an overly conservative, delayed-
alerting posture. Adjusting for this bias is mandatory to learn a policy that faithfully
reflects actual clinician preferences for earliness versus specificity.

2. Related Work

2.1. Early Sequence Classification

Our problem formulation of early risk alerting falls under the broader paradigm of Early
Sequence Classification (ESC), where the fundamental objective is to assign a definitive
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label to a streaming sequence as early as possible while navigating the trade-off between
accuracy and actionable lead time. Traditional ESC methods generally rely on supervised
classifiers equipped with early-trigger mechanisms, such as static posterior thresholds (Xing
et al., 2010; Mori et al., 2017). While these paradigms offer tractable early-trigger mech-
anisms, they share critical structural limitations that inherently conflate irreducible event
stochasticity with reducible observation uncertainty. Consequently, they fail to do look-
ahead planning for the future value of information (VoI).

More recent approaches introduce dynamic halting networks to overcome rigid thresh-
olding. Hartvigsen et al. (2019) design recurrent gating modules to learn adaptive stopping
times, and Martinez et al. (2020) explicitly train an auxiliary RL agent alongside the classi-
fier to evaluate whether to request the next observation. However, their halting mechanisms
are optimized via time-penalty objectives that are strictly symmetric for positive or negative
cases, failing to capture the asymmetric reality of the temporal cost in EHRs surveillance for
the healthy population versus patients with diseases. In addition, these RL-based agents
require fully observed ground-truth labels for optimization without accounting for right-
censored outcomes. In contrast, our framework safely leverages incomplete data to learn a
context-aware, globally optimal alerting policy for this asymmetric clinical utility.

2.2. Reinforcement Learning for Clinical Decision Making

Recent works have adapted RL to right-censored outcomes by integrating survival analy-
sis. For instance, some design offline RL frameworks to maximize expected patient survival
time (Cho et al., 2023), while others utilize survival models to impute rewards for right-
censored trajectories during continuous treatment planning (Lyu et al., 2023). Yet, these
censoring-aware RL frameworks are fundamentally tailored to optimize continuous time-to-
event outcomes within the Dynamic Treatment Regimes (DTR) paradigm. They typically
operate under standard survival assumptions rather than adopting the mixture cure frame-
work, which is important to account for the fraction of the population that will never
experience the event. Our work therefore addresses a distinct gap, learning a censoring-
robust, preference-conditioned early alert policy for a definitive classification outcome. By
integrating an auxiliary deep mixture cure model, we provide a principled reward impu-
tation mechanism that corrects the inherent bias of right-censored trajectories, effectively
bridging the gap between censoring-aware RL and early risk alerting.

2.3. Multi-Objective Reinforcement Learning

Multi-Objective Reinforcement Learning (MORL) optimizes a vector-valued reward whose
scalarization weights encode user trade-off preferences (Hayes et al., 2022). Existing meth-
ods typically fall into two families: multi-policy approaches that train a population of poli-
cies to approximate the Pareto front (Xu et al., 2020), and single-policy approaches that con-
dition one universal network on the continuous preference space (Yang et al., 2019; Basaklar
et al., 2022). Although the latter is more parameter-efficient, it suffers from optimization
challenges caused by destructive gradient interference between conflicting objectives (Liu
et al., 2025). We expect this difficulty to be compounded in the clinical setting, where
irregularly sampled and partially observed EHR trajectories already yield high-variance
policy-gradient estimates. Our workflow therefore adopts a multi-policy strategy, training
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a sparse grid of independent anchor policies and then interpolating between anchors at
inference time via a theoretically grounded logit shift.

3. POMDP Formulation

We formalize the early alerting task in sequence monitoring as a POMDP, defined by the
tuple (S,O,A, T ,R). Each patient i is monitored through a sequence of visits t = 1, . . . , T ,
yielding a stream of longitudinal clinical snapshots. The objective is to learn an optimal
policy π∗ that dynamically navigates the intertemporal trade-off between earliness and
specificity. The components of our POMDP formulation are detailed below.

3.1. Latent States and Observations

We define the patient’s underlying condition as a tuple st = (ft, y). Here, ft ∈ F denotes a
set of static or evolving latent physiological features at visit t, which collectively govern the
patient’s intrinsic risk profile p ∈ [0, 1]. The variable y ∈ {0, 1} denotes the onset of a target
clinical event along a patient’s trajectory, viewed as a stochastic realization of the risk as
y ∼ Bernoulli(p). The observations ot ∈ O are emissions of latent features ft at each visit.
While we acknowledge that observations might eventually become perfectly predictive of y
at the symptomatic stage, the objective of early risk alerting is to identify high-risk patients
prior to that. Therefore, we assume that within our tactical observation window, ot is only
driven by the underlying risk-defining features ft, making it conditionally independent of
the yet-to-be-confirmed outcome y. We emphasize that this formulation explicitly models
a hierarchical structure of uncertainty: the uncertainty about the patient state given our
observations is reducible by accumulating additional longitudinal evidence, whereas the
stochastic nature of the clinical event y represents irreducible aleatoric uncertainty.

3.2. Actions and Transitions

We formulate the action and transition dynamics as a one-sided stopping problem. At each
step, the action space is defined as a binary decision at ∈ {0, 1}, where at = 0 represents a
decision to defer alerting and continue monitoring, whereas at = 1 represents an irreversible
decision to alert and terminate the sequence. The episode thus unfolds until an early alert
is triggered or the maximum observation window T is exhausted. We define the termination
step as τ = min{t | at = 1 or t = T}. Consequently, the terminal action aτ serves as the
final clinical classification for the entire episode.

3.3. Preference-Aware Objective

Our framework is characterized by a fundamental asymmetry in its optimization objectives.
For positive trajectories (y = 1), the clinical utility is modeled as a time-decayed positive
reward to incentivize early alerts; for negative trajectories (y = 0), the utility incurs a time-
invariant false-positive penalty. We decompose the reward into a vector rt(y, at) = [r+t , r

−
t ]

⊤,
and scalarize these competing objectives through a preference weight vector w = [w+, w−]

⊤,
where both components are strictly positive.

Because the optimal policy is invariant to the absolute scale of the rewards, we normalize
w into a single preference ratio κ = w+

w−
. This parameter κ explicitly quantifies the relative
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clinical priority of early capturing a true positive against avoiding a false alarm. Accordingly,
the agent’s objective is to maximize the expected κ-conditioned utility. The optimal policy
π∗
κ is thus defined by:

π∗
κ = argmax

π
Eat∼π(·|o:t)

[
τ∑

t=1

(
κr+t (y, at)

)
+ r−τ (y, at)

]
(1)

We omit the standard discount factor in RL to ensure the critical sparse classification
rewards at step τ are correctly propagated back to earlier steps without exponential decay.
Furthermore, we explicitly define the reward function to depend solely on the underlying
clinical outcome y and the action at. The details of each reward component, including
techniques to address label ambiguity from right-censoring, are presented in the next section.

4. Censoring-Aware Reward Formulation

Translating the conceptual optimization objective into a computable learning signal requires
addressing two practical challenges: (1) formalizing the clinical utility into precise reward
functions that correctly encode the trade-off between earliness and specificity, and (2) mit-
igating label ambiguity caused by right-censoring. This section details the mathematical
formulation of these components and introduces a robust imputation strategy designed
to calibrate policy learning when training on offline datasets with right-censored patient
trajectories.

4.1. Reward Function for Fully Observed Trajectories

Given the preference-aware objective defined in Sec. 3.3, we now specify the mathematical
formulation of the reward components r+ and r−. While real-world EHR encounters are
inherently irregular, we standardize patient trajectories onto a unified discrete temporal
grid, and use binary missingness indicators and last observation carried forward (LOCF)
imputation to address the temporal sparsity. Assuming the ground true clinical outcome y
is fully observed in the training data, the reward vector rt = [r+t , r

−
t ] is defined as:{

r+t (y, at) = y · [atRtp − (1− at)δt] ,

r−t (y, at) = −(1− y)atRfp,
(2)

where Rtp, Rfp and δt are strictly positive scalars. Here, the positive utility r+t incentivizes
the agent to identify positive trajectories early through a terminal anchor positive reward
Rtp paired with a dense deferral penalty δt at each step t, which creates a persistent gradient
to maximize proactive lead time. Here we constrain the anchor positive reward to always
be larger than the total cumulative delay penalty as Rtp ≫

∑T
t=1 δt, ensuring that even a

relatively late alert is still preferable to a total miss. Conversely, the negative cost r−t applies
a sparse terminal penalty Rfp solely for false alerts on negative trajectories. Under this
asymmetric design, no penalty is incurred for waiting on negative trajectories, as continuous
passive monitoring remains the optimal clinical action for healthy individuals.

By aggregating all these reward components, the trajectory-wise cumulative return can
be expanded as:
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Rκ(y,a) = aτ [κyRtp − (1− y)Rfp]− κy

τ∑
t=1

(1− at)δt. (3)

This formulation further decomposes the agent’s objective into two terms, which we may
define intuitively as (a) a static classification utility determined based on aτ , and (b) an
asymmetric time cost that applies only to positive trajectories.

4.2. Reward Imputation for Right-Censored Trajectories

In real-world studies, patient trajectories are frequently right-censored due to limited follow-
up times. In such cases, it is not clear what reward should be given, because we do not
know whether the patient may have been diagnosed after the censoring time. Naively
conflating censored trajectories with true negative trajectories introduces severe calibration
issues by underestimating the event prevalence, while simultaneously biasing the learned
risk profile toward features associated with earlier event times. To enable policy learning
on retrospective cohorts with incomplete trajectories, we substitute the unobserved y with
an imputed pseudo-label ŷ that quantifies the expectation of being on a positive trajectory
given the entire observed clinical history.

Specifically, we train an auxiliary Mixture Cure Model on the full trajectories to model
both the total probability of event occurrence and the time-to-event distribution. The event
probability output from this auxiliary model, defined as p̂ = Pr(y = 1 | o:T ), serves as a
point estimate of the marginal event likelihood that is informed by all available observations.
Because the cumulative return Rκ(y,a) is strictly linear with respect to y, substituting y
with a conditional expectation allows the imputed reward to serve as a surrogate for the
expected return.

Theoretically, obtaining an unbiased posterior risk in a right-censored patient requires
conditioning on the estimated survival distribution. However, estimating survival tails in
long-term trajectories introduces significant variance and estimation instability. Therefore,
we use the predicted event probability p̂i as a robust prior estimate for imputation. To
further maximize training stability and ground the imputed reward to available clinical
truths, we construct the pseudo-label ŷ as follows:

ŷi = νi + (1− νi)p̂i, (4)

where νi ∈ {0, 1} is the event indicator denoting whether the target clinical event is explic-
itly observed. Acknowledging that right-censored patients may be subsequently diagnosed
leads the agent toward a more aggressive alerting policy, since censored patients receive
positive reward proportional to p̂i upon alerting, and the associated false positive penalty
is attenuated by 1− p̂i.

5. Preference Adaptation via Decision Margin Analysis

Standard model-free RL policies are bound to a fixed reward structure, therefore adapting
a policy to the clinical preferences of each new patient or setting requires retraining, which
becomes computationally prohibitive. To overcome this, we introduce a theoretical frame-
work for few-shot preference adaptation. We first formalize the optimal decision margin
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to isolate the trade-off between the value of waiting and delay penalties in Sec. 5.1, then
prove its strict monotonicity with respect to the preference ratio in Sec. 5.2. Leveraging
this monotonicity alongside the analytical properties of entropy-regularized RL, we propose
a post-hoc threshold interpolation workflow in Sec. 5.3. This workflow allows our system
to adapt to arbitrary clinical preferences at inference time without altering the underlying
network weights.

5.1. Optimal Alerting Margin

To establish the theoretical foundation for preference adaptation, we first formalize the
agent’s decision margin under our asymmetric reward structure. Define the belief state
bt = Pr(st | o:t) as the agent’s posterior beliefs over the latent state st = (ft, y). From
this, we extract the scalar marginal risk estimate p̂t = Es∼bt [y], representing the posterior
probability of the target outcome. By the Law of Iterated Expectations, the updating
process of both the belief state and its scalar projection over sequential observations forms
a martingale, satisfying Ebt+1|bt [bt+1] = bt and Ebt+1|bt [p̂t+1] = p̂t.

While the future transitions are governed by the belief state bt, the expected immediate
payoffs for alerting depend only on the scalar risk p̂t. Therefore, we define the preference-
scaled action-value functions conditioned on the belief state bt as:

Qt(at = 1, bt) = κp̂tRtp − (1− p̂t)Rfp, (5)

Qt(at = 0, bt) = −κp̂tδt + Ebt+1|bt [Vt+1(bt+1)], (6)

where Vt(bt) = maxaQt(a, bt) represents the optimal expected return.
The agent’s decision rule is then dictated by the net advantage function ∆Qt(bt, κ) ≜

Qt(at = 1, bt)−Qt(at = 0, bt). Under the optimal policy, the agent crosses the margin and
triggers an alert if and only if ∆Qt ≥ 0, which translates to the following inequality:

κp̂tδt ≥ Ebt+1|bt [Vt+1(bt+1)]−
(
κp̂tRtp − (1− p̂t)Rfp

)
. (7)

This inequality provides an intuitive decomposition of the sequential trade-off: the left-
hand side represents the expected step-wise delay cost of choosing to wait, while the right-
hand side represents the VoI, quantifying the marginal gain of deferring the decision to
accumulate further evidence over acting immediately.

Because the optimal value function V (·) is the maximum of linear functions, it is convex
over the belief space. According to Jensen’s Inequality and the martingale property, the
expected future value is bounded as:

Ebt+1|bt [Vt+1(bt+1)] ≥ Vt+1(Ebt+1|bt [bt+1]) = Vt+1(bt). (8)

Since Vt+1(bt) is trivially bounded below by the immediate alerting payoff at step t, given
that the optimal policy chose not to terminate the sequence early at step t, the VoI on the
right-hand side of Eq. 7 is strictly non-negative. This implies that without the explicit delay
penalty (δt = 0), the value of deferring a decision to gather more evidence would always
equal or exceed the value of acting immediately, causing the agent to wait indefinitely until
the window exhausts. Thus, the analysis confirms the intuition that without the temporal
cost κp̂tδt, early alerts would never occur.
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5.2. Monotonicity of the Preference-Conditioned Margin

To understand how the preference ratio κ calibrates the decision margin in Eq. 7, we an-
alyze the monotonicity of the net advantage function ∆Qt(bt, κ) with respect to κ. An
increase in κ indicates a shift in priority toward capturing true positives as early as possi-
ble, accompanied by a higher tolerance for the clinical burden of false alarms. Intuitively,
this asymmetric shift should systematically incentivize the agent to adopt a more proactive
alerting policy. We formalize this clinical intuition into a rigorous mathematical guaran-
tee by proving that the net advantage of alerting is strictly monotonically increasing with
respect to the preference ratio κ.

Proposition 1 (Strict Monotonicity of Advantage) Given a valid posterior risk es-
timate p̂t > 0 and a strictly positive delay penalty δt > 0, the net advantage of alerting over
waiting is strictly monotonically increasing with respect to κ, bounded from below by the
expected temporal cost:

∂∆Qt(bt, κ)

∂κ
≥ p̂tδt > 0. (9)

We establish this bound by differentiating the optimal value function and propagating
the derivative backward from the terminal step T via mathematical induction, leveraging
the martingale property of the belief updating process. The proof is found in Appendix A.

5.3. Post-Hoc Threshold Interpolation

The decision margin in standard model-free RL is not an explicit parameter but is implicitly
embedded in the state-action mapping, making it difficult to directly target this margin
for recalibration. Instead, we leverage an established analytical structural properties of
entropy-regularized RL (Haarnoja et al., 2018), namely that the optimal policy naturally
converges to an energy-based Boltzmann distribution: π∗(a | s) ∝ exp(Q(s, a)/α), where
the entropy coefficient α acts as a temperature parameter. Consequently, the logit difference
zt produced by the policy network is proportional to the net advantage:

zt = log π(at = 1)− log π(at = 0) =
1

α
∆Qt(bt, κ). (10)

The natural decision boundary sits where it is indifferent between the Q-value of waiting
or alerting. According to Eq. 10, the boundary condition corresponds to a zero logit differ-
ence (zt = 0) and a zero net advantage (∆Qt(bt, κ) = 0). Since ∆Qt is strictly monotonic in
κ (Proposition 1), we can apply a first-order Taylor expansion directly to the indifference
point. Within a local neighborhood of a trained anchor preference κ0, a slight preference
shift ∆κ induces an approximately linear shift in the net advantage, which analytically
translates to a linear scalar shift in the learned action logit zt. This shows that applying a
post-hoc threshold shift to the predicted logits acts as a consistent first-order approxima-
tion for preference adaptation. Building on this analytical property, we propose a few-shot,
preference-conditioned deployment workflow as follows:

1. Offline Anchor Training: Train a set of anchor policies via entropy-regularized RL
across a discrete sparse grid of κ values to capture global, non-linear behavioral shifts.
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2. Calibration Mapping: On a validation set, we empirically map continuous target
specificities to optimal (Anchor Policy,Logit Threshold Shift) pairs.

3. Zero-Shot Deployment: To align with a specific clinical preference at inference
time, we select the nearest anchor policy and apply the pre-calculated threshold shift
to the logit output, enabling continuous adaptation without altering network weights.

6. Simulations

We design simulation experiments to address two pivotal questions: (1) under what clinical
information dynamics does the look-ahead planning in RL provide the most significant
advantage, and (2) how effectively does our imputation mitigate right-censoring biases?

To investigate these questions, we construct a data-generating process (DGP) that sim-
ulates longitudinal patient trajectories governed by underlying latent physiological states.
For each synthetic patient, this latent state dictates both their ground-truth event risk
and their specific time-to-event, while emitting noisy clinical observations across a discrete
monitoring horizon. We systematically manipulate two core components of the DGP. We
control the information dynamics, where we modulate the temporal distribution of observa-
tion noise to emulate clinical scenarios ranging from (a) gradual accumulation of evidence
over time, to (b) predictable “information bursts”, wherein substantial clinical evidence is
obtained at specific times that can be inferred from earlier observations. We then focus on
time-to-event dependencies, where we adjust the signal-to-noise ratio (SNR) of the event
times in positive trajectories to test our censoring-aware agent’s robustness under vary-
ing levels of survival predictability in the presence of right-censoring. Full mathematical
formulations of the DGP are deferred to Appendix B.

We train our early alerting RL agent using Recurrent PPO and compare it against
three supervised baselines: a static MLP, an RNN-GRU, and a censoring-aware mixture
cure model. This mixture cure model also serves as the auxiliary model for pseudo-label
imputation in our censoring-aware RL variants. To ensure a fair comparison between the
single-output baselines and our multi-preference RL policy sets, we apply the same post-
hoc calibration workflow to all methods on a validation set; implementation details are in
Appendix C. We then construct the Pareto Fronts of the average lead time (ALT) versus
FPR, with overall performance quantified as the corresponding Hypervolume (HV). To
balance computational efficiency and interpolation quality, all RL evaluations in Section 6
and 7 utilize 5 anchor policies (see Appendix D.1 for ablation), as shown in Figure 1a.
All simulations maintain event and censoring rates at 0.5, with results averaged over five
random seeds.

6.1. Decision-Making under Varied Information Dynamics

To evaluate the agent’s capacity and advantage for strategic look-ahead planning, we design
three distinct observation dynamics that simulate diverse clinical monitoring regimes as
outlined below.

• S1: Uniform Information. We first establish a scenario where the noise level
of each observation remains identical, and the marginal information gain diminishes
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Figure 1: (a) Illustration of how the Pareto front is constructed from a policy set via cal-
ibration and selection, where each star represents an individual policy trained
under a specific preference κ with naive decision threshold 0.5. (b) Ablation
study of pseudo-label imputation under right-censoring. The curves show the av-
erage Pareto Front HV under controlled signal-to-noise ratio (SNR) in generating
event times, varying from 100% (fully deterministic) to 0% (fully stochastic). The
lines compare our proposed pseudo-label imputation (RL-pl) against the ground-
truth oracle (RL-gt), the naive indicator approach (RL-ind), and the supervised
mixture cure model baseline (RNN-mc).

smoothly as the agent’s belief regarding the patient’s latent state saturates. Specif-
ically, we maintain a constant noise variance across all timesteps for all trajectories
in the DGP. This scenario simulates routine clinical monitoring where diagnostic evi-
dence is collected at a steady rate with consistent measurement precision.

• S2: Information Bursts. We then simulate a scenario where highly informative
observations come at a cohort-wide key time point. This mirrors clinical regimes where
key evidence is observed after a specific physiological stage or through standardized
screening protocols. We simulate this by maintaining observation noise at a high-
variance plateau during in early stages, then sharply reducing it as the trajectory
approaches the key time point, after which the noise is small and constant.

• S3: Scheduled Assessment. Finally, we simulate a scenario where key evidence
arrives at a known, patient-specific time, mimicking scheduled imaging studies or
lab tests. To model this, we introduce an auxiliary binary feature that substantially
affects the risk function. This feature remains masked until a patient-specific timestep
to reflect heterogeneous clinical timelines across the cohort. We augment the agent’s
observation space with an additional feature indicating the time to unmasking to
reflect the predictability of clinical schedules.

To evaluate the models’ architectures without the interference of right-censoring, we first
trained all models using uncensored ground-truth labels. Under the Uniform Information
scenario (S1) in Figure 2a, both RL and RNN achieve comparable HV and significantly
outperform the static MLP. This is because the MLP without memory is vulnerable to
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Figure 2: Pareto front analysis across varied information dynamics in simulation experi-
ments. Panels (a)-(c) compare RL and baselines’ performance under different
scenarios: (a) Uniform Information, where measurement precision remains con-
stant across all timesteps; (b) Information Burst, where observation noise under-
goes a sharp reduction at a fixed, cohort-wide key time point; and (c) Scheduled
Assessment, where key predictive features are resolved at patient-specific but pre-
dictable future time points. Solid lines and shaded areas represent the mean and
standard deviation across 5 random seeds.

noise at early time points, whereas the recurrent nature of the RL and RNN algorithms
allows them to benefit from the accumulation of information over time. The result shows
that when information accumulates steadily and marginal VoI strictly diminishes, look-
ahead planning yields no additional benefit. The best strategy is simply to react to the
current risk posterior prediction, which both RL and RNN do well.

The inherent limitations of myopic supervised classifiers emerge in scenarios charac-
terized by sudden information gains in Predictable Information Bursts (S2) and its more
extreme counterpart, Scheduled Assessment (S3), as shown in Figure 2b and Figure 2c. In
these scenarios, the RNN’s hidden state accumulates early neutral beliefs, making it slow
to react when predictive signal suddenly emerges, which in turn degrades performance in
high-specificity regions where decision thresholds are set at a high level. Conversely, the
MLP’s lack of history allows it react more effectively, but it is vulnerable to false alarms
from early noise unless its threshold is set restrictively high.

Our RL framework overcomes these limitations by balancing patience and responsiveness
via looking-ahead planning. In S2, the agent learns to implicitly capture the VoI within its
value network. By recognizing the temporal patterns for noise dissipating at predictable
timesteps, it strategically defers decisions in the noisy phase, then immediately shifts to
zero-delay alerting once the signal becomes clear. This look-ahead capability is even more
beneficial in the Scheduled Assessment scenario (S3). The presence of an “information
countdown” feature allows the agent to accurately estimate VoI, leading it to raise the
decision threshold and thereby delay alerts for patients who will soon be assessed. This
provides a robust advantage over our supervised classifiers across all specificity regions.
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6.2. Robustness under Right-Censoring

Building upon the S2 scenario in the previous section, we further investigate the framework’s
robustness against censoring bias. We systematically vary the ratio between the determin-
istic component and the stochastic noise in generated event times, while fixing the total
variance. This allows us to control the feature dependency of event times, thereby modu-
lating how strongly the right-censoring mechanism for positive cases correlates with latent
features. To demonstrate the contribution of our proposed censoring-aware approach, we
perform an ablation analysis comparing the pseudo-label imputation variant (RL-pl) against
a ground-truth oracle trained on uncensored data (RL-gt) and a naive agent that treats all
right-censored trajectories as negative (RL-ind). Additionally, we include a GRU-based
Mixture Cure model (RNN-mc) as a censoring-aware supervised learning baseline.

Figure 1b shows the HV value across a spectrum of event-times feature dependency,
ranging from fully feature-determined (100%) to entirely stochastic (0%). The Oracle agent
RL-gt establishes a stable, optimal performance ceiling irrespective of the survival dynamics.
In contrast, the naive agent RL-ind shows severely degraded performance, because treating
right-censored trajectories as negatives leads to a misidentification of features associated
with late events as features indicating low risk. As event times become more stochastic,
this specific correlation bias weakens, allowing RL-ind to recover somewhat. However, a
massive performance gap remains even at zero dependency. This highlights the fundamental
limitation of RL-ind, namely that it underestimates the event prevalence. As a result,
the agent’s value estimation becomes systematically miscalibrated, distorting its trade-off
optimization logic regardless of the underlying time-to-event mechanisms.

Our proposed pseudo-label reward imputation approach successfully mitigates this degra-
dation, with RL-pl recovering near-oracle performance across all settings. It performs best
under high feature dependency, where the auxiliary model can most precisely map latent fea-
tures to true event probabilities. Furthermore, sensitivity analysis (Appendix D.2) demon-
strates that RL-pl remains highly robust to minor errors in the auxiliary model, although
severe misspecification will eventually degrade its performance. Crucially, while both RL-pl
and RNN-mc utilize the same Mixture Cure loss for censoring awareness, RL-pl consistently
outperforms RNN-mc across the entire survival dependence spectrum. This confirms that
our imputation strategy mitigates the bias from censoring, yet preserves the RL framework’s
capacity for look-ahead planning.

7. Early Alerting in Real-World Clinical Cohorts

We validate the clinical utility of our proposed RL framework by applying it to early alert-
ing for Alzheimer’s Disease (AD) and Autism Spectrum Disorder (ASD), respectively. Both
tasks encapsulate the challenges of preclinical surveillance, as characterized by regular se-
quential clinical encounters, delayed diagnostic unmasking, and prevalent right-censoring.
The AD early alerting task uses the public National Alzheimer’s Coordinating Center
(NACC) dataset with 8,803 patients and an incident AD prevalence of 14.2%. Clinical
follow-ups are discretized into 12-month intervals over a 60-month window. At each step,
the agent observes 20 core clinical features, and Clinical Dementia Rating (CDR) subscores
are excluded to prevent target leakage. The ASD early alerting task uses a proprietary
pediatric cohort of 29,357 children with a rarer event rate of 3.2%. Encounters are aligned
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to the recommended well-child visit schedule over 15 decision steps, which is dense through
infancy and sparse thereafter. Each well-child visit is represented by a 768-dimensional
encounter-level embedding of its ICD-10 diagnosis codes and demographic data obtained
from a pretrained EHR foundation model (Sun et al., 2026). Finally, to more rigorously eval-
uate our censoring-aware method’s robustness while overcoming the inherent right-censoring
in both registries, we employ two specialized strategies: (1) administrative early-truncation,
which creates a temporal gap between training histories and extended evaluation trajecto-
ries; and (2) an age-filtered subcohort (AD: age ≥ 85; ASD: age ≥ 8), which serves as a
highly reliable ground-truth surrogate. Detailed procedures regarding cohort construction,
time-grid mapping, early truncation, data imputation, and validation cohort design are
provided in Appendix E.

Table 1: Average Hypervolume (HV) of the ALT vs. FPR for AD and ASD early alerting.
Results are reported as Mean± Std over 5 random seeds.

Complete Outcome Truncated Outcome

Cohort (Test Set) RL-gt RNN-gt MLP-gt RL-pl RNN-mc RL-ind RNN-ind MLP-ind

AD (Full Set) 38.36± 0.51 38.25± 0.63 37.89± 0.62 36.78± 0.70 36.79± 0.80 37.25± 0.79 36.99± 0.74 37.19± 0.74
AD (Age-filtered) 35.26± 1.18 35.09± 1.65 33.32± 1.71 35.16± 1.19 34.50± 1.09 34.83± 0.89 31.61± 0.99 33.00± 1.91

ASD (Full Set) 29.52± 0.24 28.56± 0.36 28.08± 0.48 29.09± 0.48 26.28± 0.72 28.68± 0.24 27.84± 0.48 27.84± 0.36
ASD (Age-filtered) 37.80± 0.24 35.40± 0.72 35.76± 0.72 37.08± 0.36 32.64± 1.32 36.60± 0.84 35.28± 0.72 34.44± 1.20

The HV results for both early alerting tasks are summarized in Table 1. Under the
empirical oracle setting where models are all trained on complete outcome labels, our RL
framework consistently achieves the highest performance across both cohorts. When in-
vestigating the robustness under right-censoring bias, RL-pl’s margin over naive RL-ind
appears modest or even slightly negative on the full test set. This is largely an artifact of
evaluation bias because the empirical ”ground truth” labels in the full set remain heavily
right-censored. Consequently, censoring-aware models that correctly predict impending yet
unobserved events are wrongly penalized as false positives. This evaluation gap is effec-
tively resolved in the age-filtered test set, which provides a reliable ground-truth surrogate
with substantially completed clinical trajectories. Here, RL-pl outperforms both the naive
RL-ind agent and its own auxiliary imputation baseline RNN-mc in both cohorts. We also
notice that the advantage over supervised baselines is more pronounced in ASD than in
NACC. We conjecture that this is because milestone-anchored well-child visits deliver de-
velopment information in predictable bursts, where look-ahead planning gains most over
myopic classifiers.

To operationalize our framework for real-world deployment, we analyze how the abstract
objective preference parameter κ aligns with interpretable clinical metrics. For this analy-
sis, we report results from the full test set because its larger sample size provides greater
statistical power, and its inherent censoring bias yields a more conservative estimate of the
performance gains of RL-pl over RL-ind. Figure 3 and Appendix Figure 5 illustrate the
FPR and ALT across varying preference levels after post-hoc calibration to specific prefer-
ences. Importantly, under a strict constraint of 90% specificity, our censoring-aware RL-pl
agent achieves an ALT of 20.85 months prior to formal AD diagnosis and 8.71 months prior
to ASD diagnosis, approaching the empirical oracle RL-gt (AD: 22.42 months; ASD: 8.93
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Figure 3: Preference sensitivity and Pareto front tested on the full AD cohort. Panels (a)-
(b) illustrate the variation of FPR and ALT calibrated to the preference ratio
κ spectrum. Panel (c) shows the resulting Pareto front from the optimal RL-gt
agent, achieving an ALT of 20.85 months with 90% specificity.

months) despite being trained on truncated trajectories. We also find that behavior signif-
icantly diverges between censoring-aware RL-pl and naive RL-ind agents in both cohorts.
Because RL-ind fails to account for right-censoring during calibration, it underestimates
event prevalence and learns an overly conservative policy, delaying alerts unless given a
high false-positive tolerance. In contrast, RL-pl closely approximates the empirical oracle
RL-gt dynamics across the preference spectrum. This confirms that our strategy ensures
faithful internal risk calibration by preventing bias from right-censoring from influencing
the learned policies.

8. Discussion

In this work, we present an RL framework to address the inherent trade-off between the
earliness versus the specificity of early alerts for clinical events. This work is motivated by
the need to promptly identify patients at elevated risk of chronic conditions based on passive
surveillance of routine EHRs, thereby ensuring they receive timely support and intervention,
in turn leading to improved outcomes. Our approach allows us to reason effectively from a
patient’s risk profile based on longitudinal health trajectories updated after each encounter,
and to adapt to specific health system preferences regarding early recognition versus false-
positive reduction to decide whether to trigger an alert or continue monitoring. Validated on
extensive simulations and real-world clinical data, our framework demonstrates that look-
ahead planning that integrates the anticipated value of future information outperforms
myopic event classification.

A central contribution of our work is elucidating the intrinsic mechanisms that drive
the superiority of RL-based look-ahead planning. Through theoretical analysis, we find
that the agent learns an implicit decision margin that only decides to issue immediate
alerts when the expected step-wise delay cost outweighs the expected marginal VoI gain
associated with waiting for more evidence; which allows the agent to strategically defer
alerts when early signals are ambiguous. Crucially, our simulations demonstrate that the
advantage of this look-ahead behavior is maximized under two specific conditions: (1) when

15



Censoring-Aware Early Risk Alerts

diagnostic evidence emerges in distinct “information bursts”, and (2) when the timing
of these bursts can be predicted from available features. In real-world EHRs, relevant
information is acquired at a different rate for each patient, meaning the accumulation of
clinical evidence is rarely smooth and does tend to occur in bursts. We also find that
look-ahead planning becomes more essential as information accumulation becomes more
irregular, and the timing of the “information bursts” becomes more patient-specific. By
anticipating the value of future information, the agent avoids premature false alarms while
successfully capturing the patient’s true pathological trajectory.

Furthermore, our findings underscore the necessity of censoring-aware policy learning.
While existing literature frequently emphasizes right-censoring as a source of feature bias
(Lyu et al., 2023; Cho et al., 2023), we expose its more profound impact on the systematic
underestimation of true event prevalence. Early risk alerting tasks are exceptionally sen-
sitive to the underlying event prevalence. We demonstrate that failing to account for the
pervasive issue of right-censoring systematically underestimates this prior prevalence. This
underestimation distorts both the policy learning phase and subsequent preference calibra-
tion. Consequently, näıve models develop an overly conservative policy, which is reluctant
to trigger alerts in order to artificially protect specificity, ignoring that true specificity is in-
herently higher due to unobserved positives. Ultimately, this unwanted behavior defeats the
purpose of early surveillance, leaving a high proportion of high-risk cases without timely and
effective intervention. Our pseudo-label-based imputation approach effectively overcomes
this challenge, restoring the true prevalence distribution and ensuring the policy remains
clinically actionable.

To bridge the gap between algorithm development and real-world clinical application,
we introduced a highly efficient post-hoc threshold calibration workflow. Different patients
and healthcare systems hold specific preferences regarding the importance of earliness ver-
sus specificity based on their available resources and intervention capacities. We analyt-
ically and empirically demonstrate that entropy-regularized RL allows for a lightweight,
training-free calibration mapping. This workflow enables institutions to seamlessly adapt
a base policy to their specific operating points instantly, highlighting the immense practi-
cal efficiency of decoupling policy learning from preference alignment. Building on this, a
promising avenue for future research is the exploration of single-policy MORL frameworks,
where conditioning a universal network directly on preference parameters could eventually
provide an even more elegant, end-to-end mechanism for continuous preference adaptation.

Limitations Despite these promising results, our framework also has several limitations.
First, model-free RL inherently lacks explicit interpretability. The exact internal logic
driving the neural policy remains opaque, which may present barriers to clinical trust and
verification. Second, the effectiveness of our censoring-aware extension is bounded by the
performance of the auxiliary mixture cure model. If this auxiliary model fails to accurately
capture the true survival distributions due to data sparsity or unobserved confounding, the
pseudo-label imputation could inject erroneous reward signals, potentially degrading the
RL policy rather than improving it. Finally, to facilitate learning, our current design relies
on a binary action space and cohorts with relatively regular visit patterns. Extending this
framework to accommodate more complex action spaces and highly irregular observation
dynamics represents a critical step for broader clinical translation.
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Appendix A. Proof of Proposition 1: Monotonicity of Advantage

We prove the strict monotonicity of the net advantage function by bounding the partial
derivative of the optimal value function Vt(bt) with respect to κ via backward induction.
Since Vt is the maximum of linear functions, it is differentiable almost everywhere. At points
of non-differentiability, the inequalities hold for all subgradients. For brevity, we proceed
using standard derivatives.

Base Case (t = T ): At the terminal step T , the observation window is exhausted, and
the agent must choose between alerting and forced termination. The value function is
VT (bT ) = max{κp̂TRtp − (1− p̂T )Rfp,−κp̂T δT }.

Taking the partial derivative with respect to κ yields:

∂VT (bT )

∂κ
∈ p̂TRtp,−p̂T δT .

Since Rtp and δT are strictly positive constants, we establish a definitive upper bound for
the derivative at the terminal step:

∂VT (bT )

∂κ
≤ p̂TRtp.

Inductive Step:
Assume inductively that the upper bound ∂Vt+1(bt+1)

∂κ ≤ p̂t+1Rtp holds for step t+1. We
differentiate the continuation value Qt(at = 0, bt) for step t:

∂Qt(at = 0, bt)

∂κ
= −p̂tδt + Ebt+1|bt

[
∂Vt+1(bt+1)

∂κ

]
.

Applying the inductive hypothesis, we bound the expectation:

∂Qt(at = 0, bt)

∂κ
≤ −p̂tδt + Ebt+1|bt

[
p̂t+1Rtp

]
.

Recalling the martingale property of the risk estimate update, Ebt+1|bt [p̂t+1] = p̂t, the
bound simplifies to:

∂Qt(at = 0, bt)

∂κ
≤ p̂tRtp − p̂tδt.

Evaluating the Net Advantage:
Next, we evaluate the derivative of the immediate alert value:

∂Qt(at = 1, bt)

∂κ
= p̂tRtp.

Finally, we evaluate the derivative of the net advantage function ∆Qt(bt, κ):

∂∆Qt(bt, κ)

∂κ
=

∂Qt(at = 1, bt)

∂κ
− ∂Qt(at = 0, bt)

∂κ
≥ p̂tRtp − (p̂tRtp − p̂tδt)

= p̂tδt.
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Given that p̂t > 0 for trajectories that have not converged to definitive negative certainty,
and assuming a strictly positive temporal penalty δt > 0, it follows that:

∂∆Qt(bt, κ)

∂κ
≥ p̂tδt > 0.

This confirms that the net advantage is strictly monotonically increasing with respect to κ,
completing the proof.

Appendix B. Data Generating Process in Simulations

We formulate a data-generating process (DGP) that simulates patient trajectories with
explicitly defined latent states, noisy observation dynamics, clinical outcomes, and time-
to-event distributions. For each synthetic patient i, the underlying physiological state is
represented by a randomly sampled latent feature vector fi ∼ N (0, I). These base features
deterministically govern the patient’s intrinsic risk profile pi via a logistic function pi =
σ(w⊤

p fi), wherewp are the assigned feature weights. The ground-truth of clinical event onset
zi ∈ {0, 1} is then drawn as a stochastic realization of this risk profile as zi ∼ Bernoulli(pi).

We discretize the active monitoring trajectory into a fixed horizon of T = 8 clinical
visits, and enforce a strict temporal separation between the observation window and the
possible event horizon to mimic the situation of the preclinical phase. Each clinical snapshot
ot is generated as a noisy observation to the latent features, following ot ∼ N (fi,Σt).

For patients who experience the event (zi = 1), we model their event times T ∗
i using an

Accelerated Failure Time (AFT) formulation as T ∗
i = exp(w⊤

t fi + ϵi), where ϵi ∼ N (0, σ2)
is the stochasticity in event times. The censoring times Ci are feature-independent and
randomly sampled from a fixed log-normal distribution, which is tuned to match the scale
and variability of the generated event times. For each trajectory, the observed time is
defined as Ti = min(T ∗

i , Ci), where events occurring after Ci are treated as right-censored
and masked during the offline training phase.

The simulation is driven by a 6-dimensional latent feature vector z ∈ R6, wherein
the first four features determine the event risk and the remaining two govern the event
distribution. For information dynamics control, in S1 and S3, the observation noise is
maintained at a constant variance of σ2 = 1.5 throughout the simulation duration, while
in S2 the observation noise is initialized at σ2 = 3.0 and follows a decay trajectory, falling
below σ2 = 0.5 at step 5, after which it remains constant at this reduced level.

Appendix C. Training and Evaluation Details

We use a Recurrent PPO as the backbone model for our RL agents, and compare it against
two supervised learning (SL) baselines: (1) a static MLP using only current clinical snap-
shots ot, and (2) an RNN-GRU incorporating full patient history o:t up to current time step.
Both baselines are trained as binary classifiers for event prediction, and their decision poli-
cies are derived by applying a static threshold to the output probabilities at each timestep.
We also train a GRU-based mixture cure model optimized via a discrete time-binned sur-
vival loss, which serves as a strong, censor-aware supervised baseline. This mixture cure
model is also utilized as the auxiliary model for pseudo-label imputation in censor-aware
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RL variants. For each RL variant, we train a discrete set of anchor policies across varying
κ to comprehensively cover the entire FPR spectrum.

To ensure a fair comparison between our multi-preference RL policy set and the single-
model SL baselines, we evaluate all methods by constructing Pareto fronts over the objective
space of ALT versus FPR. We follow a unified evaluation protocol evaluated across a dense
grid of preferences κ. For the RL variants, we apply the preference calibration workflow
detailed in Sec. 5.3 to map each κ to its optimal (Anchor Policy, Logit Threshold Shift)
pair, as shown in Figure 1a. For the SL baselines, we perform an equivalent workflow by
sweeping decision thresholds over the output probabilities on the validation set. For all
methods, only the specific configuration that maximizes the empirical validation utility for
a given κ is selected to form the final frontier. This guarantees that both frameworks are
evaluated strictly at their optimal empirical trade-off curves. The overall performance is
then quantified by Hypervolume (HV). All simulations maintain event and censoring rates
at 0.5, with results averaged over five random seeds.

Appendix D. Additional Robustness and Sensitivity Analyses

D.1. Impact of Anchor Policy Quantity on Post-hoc Interpolation

We conduct an ablation study on the number of anchor policies to evaluate the robustness
of our proposed post-hoc threshold interpolation workflow and justify our hyperparameter
selection. We perform this evaluation using the empirical oracle method RL-gt under the
S2: Information Bursts simulation setting (detailed in Section 6.1). We vary the number of
anchor policies (N) across the set {1, 2, 3, 5, 8}. For each N , we train independent anchor
policies across a discrete grid of preference ratio κ. The specific κ subsets allocated for each
N are detailed in Table 2.

Table 2: Anchor policy quantities and their corresponding preference ratio (κ) grids.

Number of Anchor Policies (N) Preference Ratio (κ) Set

1 {1.0}
2 {0.8, 1.5}
3 {0.5, 1.0, 5}
5 {0.5, 0.8, 1.0, 1.5, 5.0}
8 {0.5, 0.8, 1.0, 1.5, 2.0, 3.0, 5.0}

As shown in Figure 4(a), attempting to interpolate the entire Pareto front with a single
policy (N = 1) yields suboptimal performance. As the number of anchor policies increases,
the interpolation quality improves significantly before eventually converging. Because the
computational cost of the offline anchor training phase scales linearly with N , we uniformly
adopt N = 5 across all experiments, which establishes a practical balance between compu-
tational efficiency and post-hoc threshold interpolation quality.
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D.2. Sensitivity to Auxiliary Model Errors

To assess the robustness of our framework to potential misspecification of the auxiliary
mixture cure model discussed in Section 6.2, we conducted a sensitivity analysis. In the S2
simulation setting, we inject Gaussian noise (σ ∈ {0, 0.1, 0.3, 0.5}) directly into the imputed
pseudo-labels during the RL-pl training phase.

As shown in Figure 4(b), the HV performance is largely preserved under minor noise (σ =
0.1), indicating that the learned policy is not brittle to small imputation errors. However,
the steeper degradation observed at higher noise levels (σ = 0.3 and σ = 0.5) indicates
that the proposed method genuinely relies on the accurate censoring-aware signal provided
by the auxiliary mixture cure model. These results emphasize the practical necessity of
carefully calibrating and validating the auxiliary model before freezing its weights in the
RL pipeline.

Figure 4: Sensitivity and robustness analyses of system components. (a) Impact of the
number of anchor policies on the Pareto front interpolation quality, evaluated via
the oracle method RL-gt. (b) Sensitivity of the censoring-aware method (RL-pl)
to errors in the auxiliary mixture cure model, assessed by injecting Gaussian noise
(σ) into the imputed pseudo-labels.

Appendix E. Additional Details of Real-World Experiments

E.1. Early Alerting for AD

We used NACC (UDS v3) to train an early alerting policy for Alzheimer’s disease. The train-
ing cohort included patients with ≥ 4 longitudinal visits. It excluded those with prevalent
AD at their first visit and those who developed non-AD dementias to prevent confounding
trajectories. This yielded a cohort of 8,803 patients with overall incident AD prevalence
of 14.2%. To handle the irregularity of real-world clinical follow-ups, patient trajectories
were mapped to a discrete time grid. We viewed a patient’s first UDS v3 encounter as the
baseline (t = 0), then established expected follow-up slots at 12-month intervals over a 60-
month observation window. Actual visits were mapped to the closest expected slot within
a ±6-month tolerance. Slots without a corresponding valid visit were marked as missing
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and imputed via Last Observation Carried Forward (LOCF). At each grid step, the agent’s
snapshot observation was derived from 20 core clinical features, spanning demographics,
genetic risk, cognitive battery scores, and baseline comorbidities. Importantly, we excluded
all Clinical Dementia Rating (CDR) subscores from the input space, as these instruments
are used directly by clinicians to determine the diagnostic label.

Given that the raw NACC dataset is subject to right-censoring, we employed two val-
idation strategies to ensure a fair evaluation and address the ambiguity of ground-truth
labels in censored test trajectories. First, we imposed an administrative early-truncation at
Jan 2021 to mask all subsequent clinical visits in the training set. This creates a gap be-
tween the observation histories available to the model and the observed diagnostic outcomes,
allowing us to test our framework’s capacity to handle right-censoring bias. Second, we es-
tablished a specific evaluation sub-cohort comprising elderly patients (age ≥ 85). Because
patients in this advanced age bracket have a significantly lower probability of remaining
right-censored in the raw NACC registry, their recorded outcomes serve as a highly reliable
”ground-truth surrogate” for unbiased performance evaluation. The age-filtered subcohort
comprises n = 1731 patients with a 23.6% incident AD event rate and a mean age at last
follow-up of 90.83 years. The elevated event rate relative to the 14.2% prevalence of the
full cohort reflects both the reduced censoring in this age bracket and the higher underlying
risk of the oldest-old stratum.

E.2. Early Alerting for ASD

We utilized a proprietary pediatric Electronic Health Record (EHR) cohort to train an early
alerting policy for Autism Spectrum Disorder (ASD). The cohort comprised children born
between 2016 and 2023 who had at least five well-child visits recorded between 0 and 24
months of age. To ensure that the absence of a diagnosis reflects genuine clinical follow-up
rather than loss to follow-up, we excluded children whose records were censored before age
2, requiring their last observed encounter to occur beyond 24 months of age. This selection
criteria yielded a final cohort of 29,357 children with an overall ASD prevalence of 3.2%.

To address the inherent irregularity of real-world pediatric encounters, patient trajecto-
ries were mapped to the standard recommended well-child visit schedule. Target observation
slots were established at 0, 2, 4, 6, 9, 12, 15, 18, 24, and 30 months, followed by annual
visits thereafter. This schedule is deliberately dense through infancy and sparse during later
childhood, mirroring the milestone-anchored structure of developmental surveillance. Each
actual clinical encounter was assigned to the nearest target slot within a predefined accep-
tance window. Slots lacking a corresponding encounter were flagged as missed and imputed
via LOCF. To allow the agent to appropriately discount stale observations and account for
off-schedule care, we augmented the state space with a missingness indicator and the signed
age deviation between the actual encounter and the target slot. Each visit is represented by
a 768-dimensional encounter-level embedding—derived from a pretrained EHR foundation
model (Sun et al., 2026), capturing demographic data and ICD-10 diagnosis codes.

Because the raw cohort is subject to natural right-censoring, we employed two distinct
validation strategies mirroring those applied to the NACC dataset. First, we induced syn-
thetic right-censoring by retroactively shifting the study endpoint back to December 2023,
masking all ASD diagnoses recorded after this date and truncating subsequent trajectory
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Figure 5: Preference Sensitivity and Pareto Front tested on the full ASD cohort. Panels
(a)-(b) illustrate the variation of FPR and ALT calibrated to the preference ratio
κ spectrum. Panel (c) shows the resulting Pareto front from the optimal RL-gt
agent, achieving an ALT of 8.71 months before formal ASD diagnosis with 90%
specificity.

data. This intervention reduces the observed ASD event rate from 3.2% to 1.7%—nearly
halving the apparent prevalence—thereby directly instantiating the prior underestimation
that our censoring-aware formulation is explicitly designed to correct. Second, to establish a
reliable evaluation subcohort, we isolated children with sufficiently long longitudinal follow-
up (age ≥ 8). For this subcohort, the primary diagnostic window for ASD is considered
substantially closed, allowing their recorded outcomes to serve as a robust ground-truth
surrogate for evaluation.
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