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Abstract
This paper develops a framework for risk forecasting that treats irregular sampling and missingness as first-class
stochastic objects rather than as artifacts to be imputed away.We formalize electronic health record inputs as marked
point processes and derive a risk estimator that conditions on both observed values and the endogenousmeasurement
policy. The model couples a latent continuous-time state space for patient dynamics with a separately parameter-
ized observation-intensity model, enabling explicit reasoning about informative missingness, temporal uncertainty,
and asynchrony between numeric streams and text-derived context. We propose modality-stable fusion operators
that remain well-defined when notes are absent or temporally ambiguous, and we analyze learning objectives that
preserve discrimination under extreme class imbalance while allowing post-hoc calibration to recover probability
semantics. Finally, we outline evaluation protocols that separate gains due to physiologic signal from gains due to
measurement-policy shortcuts, including stratified testing across missingness regimes, shift-sensitive calibration
checks, and event-level operational metrics. The resulting treatment provides a principled path from irregular clini-
cal logs to reliable probabilistic forecastingmodels that are compatible with streaming deployment and retrospective
auditing.

1. Introduction
Forecasting clinical deterioration in intensive care is often framed as a supervised learning task in which
a model maps a patient’s recorded history to a probability of an adverse event in a future horizon [1].
While this framing is operationally useful, it obscures an essential computational fact: the recorded
history is not an unbiased sample of an underlying physiologic trajectory. It is a censored, workflow-
mediated trace, composed of measurements taken when devices are attached, when nurses chart, when
clinicians order labs, and when documentation is finalized. From a machine learning perspective, the
input is a joint realization of at least two coupled processes: a latent patient state evolution and an
observation process that decides which features become visible at which times. Standard pipelines that
discretize time, forward-fill values, and treat missingness as a mask can succeed empirically, but they
typically conflate these processes in ways that are hard to diagnose under shift and hard to justify when
one cares about stable probability semantics.

Informative missingness is the most visible symptom of this coupling. In a simple sensor network,
missingness might reflect random packet loss. In the ICU, missingness often reflects clinical reasoning,
resource constraints, and patient stability. A stable patient may have fewer arterial blood gas mea-
surements, fewer lactate measurements, and fewer interventions, producing sparser observation traces.
Conversely, a highly unstable patient may have fewer recorded values in certain channels because of
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Figure 1: Generative separation of physiology and measurement: a continuous-time latent state drives (i) channel-
wise measurement propensity and (ii) observed values, while an outcome intensity is conditioned on the same latent
trajectory.
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Figure 2: Event-driven encoder: continuous evolution propagates hidden state across irregular gaps, with sparse
jump updates at measurement arrivals to produce a queryable belief state for downstream risk scoring.

emergent transport, device changes, or documentation delay, even while the patient is clinically wors-
ening. Thus, missingness patterns can encode acuity, but not in a way that is globally monotone or
institution-invariant [2]. A model that learns to use missingness as a proxy for severity may obtain good
ranking on one dataset while failing under another measurement policy, and it may produce probabilities
that are miscalibrated when the base rate changes or when measurement intensity shifts.

Multimodal inputs compound this issue. The unstructuredmodality, typically clinical notes or reports,
is not sampled continuously. Notes are event-driven and can be temporally ambiguous: a note may sum-
marize observations over a period, be written after a decision has been made, or be copied forward with
minor edits. A naive use of text embeddings risks introducing future information through documentation
lag. A conservative use of text reduces leakage but also yields piecewise-constant context signals that
may align poorly with physiologic changes. The computational challenge is to represent text in a way
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Figure 3: Coupled training signals: the representation is constrained to explain both outcome discrimination and
observed measurement timing, enabling controlled incorporation of sampling-policy information.
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Figure 4: Modality-stable fusion: structured and text pathways remain independently well-defined, while a gated
operator blends them using a decayed text context and a conservative availability-time constraint.

that respects causality constraints, leverages semantic context when available, and degrades gracefully
when it is absent, without turning note availability into a shortcut feature.

This paper argues that a principled treatment of ICU forecasting should explicitly model the obser-
vation process and treat missingness and sampling intensity as stochastic objects. The goal is not to
claim a fully causal interpretation of risk, but to construct estimators that remain stable under realistic
perturbations to measurement policy. We therefore propose a modeling framework with three tightly
coupled components. First, we represent structured measurements as a marked temporal point process
whosemarks include observed values andmissingness masks, and we introduce an observation-intensity
model that captures the endogenous likelihood that a measurement is taken [3]. Second, we model the
latent patient state as a continuous-time stochastic process that can be queried at discrete decision times,
thereby avoiding implicit assumptions induced by fixed binning. Third, we fuse text-derived context
using modality-stable operators that are defined even when text is missing or delayed, ensuring that the
model has an explicit fallback mode.

A central theme throughout is identifiability and evaluation. If the observation process carries infor-
mation about clinician concern, conditioning on it can improve prediction, but it also risks learning



4 CLASSICALLIBRARY

patient splits
leakage-safe

strata
miss / notes

discrimination
AUROC/AUPRC

calibration
reliability

perturb
mask/jitter

policy shift
subsample

Figure 5: Shift-oriented evaluation: report metrics within missingness andmodality strata, and add controlled stress
tests that probe sensitivity to observation-pattern perturbations and measurement-rate changes.

Element Notation Description Example in ICU setting

Patient state zt Latent continuous-time
physiology and context

Multi-organ stability,
underlying trajectory

Structured events E Timestamped numeric
measurements

Heart rate, lactate, arte-
rial blood gas

Note events N Asynchronous text doc-
uments

Progress notes, con-
sults, radiology reports

Decision times t Times at which risk is
scored

Hourly deterioration
risk estimates

Outcome label yt Event in a prediction
horizon

Deterioration within
nextH hours

Table 1: Key elements of the multimodal ICU risk forecasting setup.

dataset-specific shortcuts. Distinguishing these regimes requires both mathematical analysis and careful
evaluation design. We therefore develop objectives that separate discrimination from probability calibra-
tion, and we emphasize stratified evaluation across missingness regimes and shift conditions. The aim is
to provide a technically grounded blueprint for building models whose performance improvements can
be attributed to robust signal extraction rather than to brittle correlations in documentation patterns.

2. Related Computational Foundations
The computational literature relevant to this problem spans several areas: sequence modeling with irreg-
ular sampling, probabilistic modeling of missing data, point process learning, multimodal representation
learning, and calibration under class imbalance. A key idea across these areas is that when time stamps
are irregular and the observation pattern is informative, the correct object to model is not a regularly
sampled vector sequence but an event stream. In computer science terms, the input is closer to a log of
events than to a fixed-rate signal, and therefore the right inductive bias often involves continuous-time
models or event-based encoders.
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Figure 6: Deployment path with auditability: streaming ingestion is filtered by availability time, embeddings are
cached at arrival, inference runs event-driven, calibration is applied as a lightweight post-layer, and each prediction
is reproducible via a stored trace.

Source Mechanism Effect on data Risk if mis-modeled

Clinical concern Extra tests when insta-
bility suspected

Denser labs near deteri-
oration

Shortcut on “more labs
⇒ higher risk”

Resource limits Staff and device con-
straints

Fewer measurements in
busy periods

Apparent lower acuity
from sparse data

Device availability Device attach / detach
patterns

On–off monitoring win-
dows

Policy-specific sam-
pling frequencies

Transport / procedures Gaps during imaging or
OR

Missing vitals during
high risk

False impression of sta-
bility in gaps

Documentation lag Notes written after
events

Text summarizing past
and future

Label leakage via note
content and timing

Table 2: Illustrative sources of informative missingness in ICU records.

Irregular time-series modeling has evolved from classical state space models to neural formulations
such as recurrent networks with time gates, temporal convolutions with dilation, and attention mecha-
nisms with relative time embeddings [4]. Many practical ICU models discretize time into hour bins and
rely on forward filling. This approach yields a computationally convenient tensor but introduces implicit
assumptions: forward filling assumes persistence of values over time, and binning assumes that the order
within a bin is irrelevant. These assumptions can be partially mitigated by staleness features that encode
time since last observation, but the representational geometry still reflects binning artifacts. In contrast,
continuous-time latent variable models treat observations as events and evolve the latent state between
observations according to a learned dynamics, which can better represent sparse measurements and
variable intervals.

Missing data modeling has a long history in statistics, often categorized into missing completely at
random, missing at random, and missing not at random. In the ICU, missingness is frequently missing
not at random because it depends on unobserved patient state and clinician action. For prediction, one
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Component Symbol / equation Role Notes

Latent dynamics dzt = fθzt, ut dt Evolves patient state in
continuous time

Captures physiology
and interventions

Diffusion noise Gθzt dWt Stochastic variability in
state

Models uncertainty
between events

Measurement intensity λc
θt Rate of observing chan-

nel c
Encodes observation
policy and concern

Value model pθv | zt, c Distribution of
observed value v

Separates value genera-
tion from timing

Outcome intensity λy
θt Hazard of deterioration

event
Drives risk forecast over
horizons

Table 3: Core pieces of the continuous-time generative model for measurements and outcomes.

Stage Operation Inputs Purpose

Initialization h0 from static covari-
ates

Demographics, admis-
sion data

Set starting belief over
z0

Between events dht
dt = ϕθht, s Hidden state, static con-

text
Evolve state over irregu-
lar gaps

Event update htk = ht−k
ψθht

−
k , ck, vk

Channel and value at tk Incorporate new mea-
surement event

Belief projection ẑtk = ρθhtk Updated hidden state Low-dimensional sum-
mary of history

Prediction heads λc
θt, sθt ẑt and features Model intensities and

risk jointly

Table 4: Event-driven encoder architecture for irregular ICU measurement streams.

Strategy Definition Behavior when notes
are absent

Leakage / shortcut risk

Structured-only Use ẑt only No change; baseline
model

Lower leakage, misses
text signal

Early concatenation Concatenate zs and zu Undefined if zu missing High risk from note tim-
ing and content

Gated fusion zt = g⊙ zs 1 − g⊙ zu Learns g ≈ 1 when no
text

Controlled influence of
sparse notes

FiLM modulation Text scales / shifts zs Reverts to identity mod-
ulation

Text reweights physio-
logical features

Late fusion Combine separate
scores

Falls back to structured
score

Less interaction, more
robust to dropouts

Table 5: Comparison of modality fusion mechanisms under asynchronous text and causal masking.

need not recover the counterfactual fully observed trajectory; however, one does need an estimator that
remains stable under changes in the missingness mechanism. In this sense, robust prediction resembles
domain generalization where the domain shift is induced by a change in observation policy rather than
a change in latent physiology. Computer-science methods for domain invariance, adversarial learning,
and invariant risk minimization are therefore conceptually relevant, though their assumptions must be
interpreted carefully in clinical settings where shifts are multifactorial.
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Objective Loss Handles imbalance? Effect on probability
semantics

Standard cross-entropy ℓCE No Probabilities calibrated
to base rate if model is
well specified

Class-weighted CE wℓ w−ℓ− Yes, via reweighting Changes implicit prior,
scores not directly cali-
brated

Focal loss 1 − pγℓ Yes, focuses on hard
examples

Improves recall, distorts
probability scale

Point-process likeli-
hood

NLL of λc
θt Models observation

times
Encourages informative
hidden state about sam-
pling

Auxiliary self-
supervision

Reconstruction / fore-
casting losses

Uses unlabeled data Shapes representation;
probability meaning set
by main loss

Table 6: Learning objectives used to train representation, intensity models, and risk predictors.

Tool / metric Level Quantity measured Example use

Temperature scaling Logit space Global calibration of
scores

Adjust probabilities
after imbalance-aware
training

Isotonic / spline maps Logit or score space Flexible monotone cali-
bration

Capture non-linear reli-
ability curves

AUROC Sample level Discrimination over all
thresholds

Compare ranking
across model variants

AUPRC Sample level Precision–recall under
class imbalance

Reflect burden when
positives are rare

ECE / reliability plots Sample and stratum
level

Gap between predicted
and empirical risk

Monitor calibration
across missingness
regimes

Table 7: Calibration tools and evaluation metrics for probabilistic ICU forecasting.

Point process models provide a natural formalism for event streams [5]. A temporal point process
represents event times as random variables with intensity functions that may depend on history. Marks
can represent event types, measured values, or metadata such as which variable was measured. In the
ICU, each measurement can be represented as an event with a variable identifier and a value, and the
history dependence captures both physiologic dynamics and workflow patterns. Neural point processes
extend this by using recurrent networks or attention to parameterize the intensity function. Importantly,
the intensity can be interpreted as a model of measurement propensity, which can be used as an input to
prediction or as a component of a joint model that disentangles observation from state.

Multimodal learning introduces additional challenges. Fusion strategies can be broadly understood
as early fusion, late fusion, and intermediate fusion. Early fusion concatenates raw features or low-level
embeddings, which is simple but brittle under missing modalities. Late fusion combines independently
trained predictors, which is stable but can fail to exploit cross-modal interactions. Intermediate fusion,
including gating and cross-attention, can represent interactions but introduces risks of shortcut learning,
particularly when one modality is sparse and its presence is itself informative. A computationally careful
fusion operator should therefore be explicitly defined undermodality absence, and the training procedure
should encourage robustness to modality dropout [6].
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Axis / test Description What is varied Insight provided

Missingness fraction Group by proportion of
unobserved values

Dense vs sparse win-
dows

Separates physio-
logic signal from
observation-policy sig-
nal

Note availability Stratify by presence of
recent notes

Text-rich vs text-poor
periods

Measures dependence
on unstructured modal-
ity

ICU unit type Evaluate per unit or ser-
vice line

Medical, surgical,
mixed units

Detect domain shift
across local policies

Synthetic event subsam-
pling

Randomly drop mea-
surement events

Channel-specific or
global rates

Stress-test robustness to
policy change

Synthetic value mask-
ing

Mask observed values,
keep masks

Observation pattern vs
value content

Reveal shortcutting on
missingness alone

Table 8: Stratifications and stress tests for understanding model behavior under missingness and shift.

Component Requirement Design choice Audit artifact

Data ingestion Low-latency streaming Event-driven updates
from EHR feeds

Raw event logs with
identifiers

Timestamp handling Causal availability Distinguish chart vs
availability time

Per-prediction list of
visible events

Note embedding cache Efficient text handling Encode once at note
arrival

Cache of note embed-
dings with times

Calibration mainte-
nance

Stable probabilities Periodic refitting of
temperature T

Versioned calibration
parameters

Alerting policy Operationally usable
outputs

Thresholds, hysteresis,
refractory periods

Log of alerts and trig-
gering scores

Table 9: Systems-level considerations for deploying streaming ICU risk models with auditability.

Calibration under imbalance is another foundational topic. Neural models trained with imbalance-
aware losses often producemiscalibrated probabilities, evenwhen ranking is strong. Post-hoc calibration
methods such as temperature scaling and isotonic regression can recover probability semantics with-
out changing ranking if the calibration map is monotone. For ICU decision support, calibration is not
optional if probabilities are used to set alert thresholds, allocate scarce resources, or interpret risk tra-
jectories. Moreover, calibration can drift under prevalence shift and measurement-policy shift, which
motivates modular pipelines in which calibration can be refreshed without retraining the entire encoder.

These strands motivate the framework developed in this paper: treat observations as events, model
measurement propensity explicitly, fuse modalities with stability guarantees under absence, and separate
discrimination learning from calibration recovery so that probability semantics can be maintained under
realistic shift.

3. Generative Modeling of Measurement and Missingness
We formalize the structured ICU record as a marked event stream. Let E = {tk, ck, vk}K

k=1 denote a
sequence of measurement events up to a decision time, where tk ∈ R is the event time, ck ∈ {1, . . . , d}
is the channel identifier, and vk ∈ R is the observed value. Channels can represent vitals, labs, or derived
measurements. Missingness at a decision time is then not a primitive; it is the complement of event
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occurrence in a recent interval. This reframing is computationally useful because it allows the model to
encode the observation pattern through intensity functions rather than through ad hoc masks.

We posit an underlying latent state process zt ∈ Rh that represents patient physiology and con-
text. The latent state evolves in continuous time according to a stochastic differential equation or a
learned drift-diffusionmodel [7]. Observations are generated as marks of a point process whose intensity
depends on the latent state, capturing informative sampling. A minimal generative specification is

dzt = fθzt, ut dt
GθztdWt

λc
θt = exp

(
a⊤

c zt bc

)
pθv | zt, c = N

(
µθ,czt, σ

2
θ,czt

)
, (3.1)

where ut is an exogenous input process capturing interventions or static covariates,Wt is a Wiener pro-
cess, λc

θt is the intensity of measurement events for channel c, and themark distributionmodels observed
values conditional on state. This specification explicitly separates two mechanisms: the dynamics of
the latent state and the dynamics of observation. Importantly, it allows the model to represent the fact
that measurement frequency varies with state and channel. The exponential link for intensity yields a
log-linear dependence on latent state, but other parameterizations can be used.

The risk forecasting objective concerns an outcome event in a future horizon, which we can represent
as another point process with intensity λy

θt that depends on latent state. Alternatively, in a discrete-time
decision system, one can define a binary label for whether an event occurs in the nextH hours. In either
case, the central object is the conditional probability of outcome given observed history. Under the
generative model, this is obtained by filtering: computing the posterior distribution of zt given the event
history and then integrating outcome intensity over the horizon. In practice, exact filtering is intractable,
so one uses amortized variational inference or neural filters.

A computationally pragmatic discriminative approximation is to build an encoder that maps the
observed event stream to a belief state ẑt, which approximates sufficient statistics of the latent poste-
rior. One can implement the encoder as a continuous-time recurrent update that processes events as they
arrive [8]. Between events, the hidden state evolves according to a learned ordinary differential equation,
and at each event it receives an update conditioned on channel and value. A typical update structure is

dht
dt

= ϕθht, s , t ∈ tk−1, tk

htk = ht−k ψθ

(
ht−k , ck, vk

)
ẑtk = ρθ

(
htk

)
, (3.2)

where ht is a continuous-time hidden state, s are static covariates, and the superscripts − and denote
pre- and post-event states. This event-driven encoder naturally captures irregular intervals because the
ODE evolution depends on elapsed time. It also allows channel-specific updates, which is critical when
different variables have different clinical meaning and sampling frequency.

To incorporate informative sampling explicitly, the encoder can also model the intensity of events.
One can augment the loss with a term that fits the observed event times under a learned intensity, thereby
forcing the hidden state to carry information about measurement propensity. If one only trains on out-
come labels, the model may still use missingness patterns, but it will do so implicitly and potentially
in a brittle way. By explicitly fitting event intensities, one can regularize the representation and obtain
diagnostic signals about what the model believes drives measurement. A joint objective can be written
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as

Lθ = Lpredθ

β d

c=1

(
T
0 λ

c
θtdt

−
k:ck=c

log λc
θtk

)
, (3.3)

where the bracketed term is the negative log-likelihood of event times under a point process intensity
and β trades off prediction and observation modeling [9]. This does not provide causal disentanglement,
but it provides a structured inductive bias: the hidden state must support both predicting deterioration
and predicting measurement propensity, which can reduce reliance on spurious correlations that do not
generalize.

When discrete-time binning is required for compatibility with existing pipelines, the event-stream
framework still offers benefits. One can derive bin-level features such as counts of events per channel,
time since last event, and imputed values based on last observation, but treat these as derived from an
underlying point process. This suggests a representation that includes both values and intensity proxies,
rather than only values and masks. In computational terms, the input becomes a tuple of feature tensors
and intensity tensors, enabling the model to learn different weights for physiologic magnitudes and for
observation dynamics.

4. Modality Fusion under Asynchrony and Causal Masking
Unstructured text introduces a second asynchronous event stream. Let N = {τj , rj}J

j=1 denote note
events, where τj is the availability time and rj is a text representation produced by a pretrained encoder.
The availability time must be treated conservatively to respect causality constraints. In many ICU
datasets, documentation time can lag observation time, and note content can summarize future inter-
ventions. A causal masking constraint therefore requires that at decision time t, the model may only
condition on notes with τj ≤ t, and even then, it should be designed to be robust if τj is an imperfect
proxy for when the information became available.

A fusion operator must satisfy two technical properties. The first is definability under missing modal-
ities: if no notes are available, the fused representation should reduce to a structured-only representation
without requiring special-case handling that introduces distributional artifacts [10]. The second is sta-
bility under temporal asynchrony: if notes are sparse and shared across many decision times, the fusion
operator should not induce spurious oscillations in risk purely because a note is repeated.

We define a structured belief state ẑt from the event-driven encoder and a text context state ût from
note events. The text context can be updated only at note times and held constant otherwise, or it can be
evolved with a decay dynamics to discount older notes. A simple continuous-time update is

dût
dt

= −κ ût

ûτj = ûτ−
j ξθrj , (4.1)

where κ is a decay rate and ξθ is a learned projection of the note embedding. This yields a text context that
gradually decays unless refreshed by new notes, which can reduce the impact of stale documentation.

For fusion, we consider a gated operator that computes a mixture between structured and text rep-
resentations. Let zst = Psẑt and zut = Puût be projected into a shared space. The fused state
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is

gt = σ
(
Wgzst Ugzut bg

)
zt = gt⊙ zst

1 − gt⊙ zut, (4.2)

which ensures that if text is absent and zut = 0, the model can learn gt ≈ 1 and behave like a structured
model. To avoid shortcut learning through text availability, the training procedure can include modality
dropout that randomly zeros zut with some probability even when notes exist, thereby encouraging the
structured pathway to remain predictive.

Cross-modal attention can be used to condition the structured summary on text, but in ICU settings it
introduces a risk of overfitting and leakage amplification [11]. A computationally conservative alterna-
tive is to allow text to modulate the structured pathway through feature-wise affine transformations. One
can implement this as a learned FiLM-style modulation where text produces a scale and shift applied to
structured features:

αt = Aθzut

βt = Bθzut

z̃st = αt⊙ zst βt. (4.3)

The fused state can then be computed using z̃st instead of zst. This approach allows text to reweight
physiologic features without requiring token-level alignment, and it reduces computational cost relative
to cross-attention.

Causal masking constraints also apply within the structured stream when binning is used. If measure-
ments arrive late and are backfilled, an online system must decide whether to incorporate them into past
states. For real-time alerting, the causally correct approach is to ignore backfilled values for past deci-
sions, while possibly using them for retrospective auditing. This implies that the encoder’s state update
must be driven by availability time rather than by chart time. In practice, systems often have multiple
timestamps, and the choice among them determines the effective filtration. A robust design logs the
exact data available at each decision time, making the model’s conditioning explicit and auditable.

Finally, fusion must be compatible with calibration objectives. If text strongly shifts logits when a
note arrives, the probability scale can change abruptly, undermining stable thresholds [12]. Gated fusion
and decayed text context mitigate this by smoothing the influence of text. In addition, one can add a
temporal smoothness regularizer on logits to discourage abrupt changes absent strong evidence in the
structured stream, though this must be balanced against responsiveness to real deterioration.

5. Learning Objectives, Identifiability, and Calibration under Extreme Imbalance
The forecasting task is typically defined at discrete decision times, such as hourly intervals, with a label
indicating whether deterioration occurs within a horizon. Let yt ∈ {0, 1} denote the label at decision
time t and let pθt = σsθt be the predicted probability derived from a logit sθt computed from the fused
representation. Because the positive rate is often low, naive cross-entropy training can yield conserva-
tive models with poor recall. Imbalance-aware objectives improve detection but can distort probability
semantics.

Awidely used imbalance-aware objective is focal loss, which downweights easy negatives and empha-
sizes hard examples. Another approach is class-weighted cross-entropy, which reweights positives. Both
change the effective target distribution and therefore alter the relationship between the learned probabil-
ity and the true conditional probability under the original prevalence. This is not a problem if one uses
the output purely as a score, but it is a problem if one interprets it as a probability. A technically clean
approach is to separate discrimination and calibration. The encoder and classifier are trained to optimize
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ranking and rare-event detection, and a post-hoc calibration map is learned on held-out data to recover
probability semantics [13].

Let D be a training set of decision-time samples. A discriminative training objective can be written as

Ldiscθ =
t,y∈D

ℓimb
(
pθt, y

)
λ∥θ∥2

2, (5.1)

where ℓimb is an imbalance-aware loss and λ is weight decay. The calibration stage then learns a mono-
tone map c so that p̂t = cpθt is calibrated on a calibration set. Temperature scaling in logit space is a
common choice because it preserves ranking:

p̂t = σ

(
sθt

T

)
T ⋆ = arg min

T >0 t,y∈C
ℓCE

(
p̂t, y

)
, (5.2)

where C is a held-out calibration set and ℓCE is standard cross-entropy. This yields calibrated probabili-
ties without changing the ordering induced by logits.

Identifiability issues arise because the model conditions on both values and observation patterns.
If measurement propensity is correlated with outcome due to clinician behavior, a predictor that uses
propensity may generalize poorly when that behavior changes. One can address this by regularizing the
model to reduce reliance on observation features, but doing so blindly can reduce performance because
propensity may be legitimately predictive in a given workflow. Amore nuanced approach is to design the
representation so that physiologic evidence and propensity evidence are separable, enabling evaluation
to quantify how much each contributes.

In the event-stream framework, one can represent measurement propensity via learned intensities λc
θt

and include them as inputs to the risk predictor. To reduce shortcut learning, one can apply an informa-
tion bottleneck that limits the mutual information between propensity features and the final logit, while
still allowing some contribution. Operationally, this can be implemented by adding noise to propensity
features or by penalizing the norm of weights connecting propensity features to the classifier. Another
approach is to train with data augmentation that perturbs measurement patterns, such as randomly drop-
ping measurement events or jittering event times, forcing the model to rely more on robust patterns
rather than exact missingness configurations [14]. Such augmentation must be designed carefully to
avoid generating unrealistic sequences, but mild perturbations can improve stability under small policy
shifts.

A complementary identifiability perspective concerns the text modality. Note embeddings can encode
clinician recognition of deterioration, which may be correlated with imminent interventions that define
the label. If the model uses text to predict clinician action rather than physiologic deterioration, it can
achieve high performance but change the semantics of prediction. This is not necessarily undesirable for
triage, but it must be acknowledged. A computational strategy to control this is causal masking and note-
type restriction, such as using only note categories that are less likely to contain explicit future decisions.
Another strategy is to introduce a delay buffer so that a note influences predictions only after some time
has elapsed, reducing the likelihood that it contains information about events within the forecast horizon.
This trades off information content for leakage control.

Calibration also interacts with missingness. If high missingness correlates with higher base rate of
events, the model’s probability outputs can be systematically different across missingness regimes. A
single global calibrationmapmay be insufficient, because the score-to-probability relationship can differ
by regime [15]. One can address this by calibrating with covariates, learning a calibration function that
depends on summary features such as missingness fraction or ICU type. However, covariate-dependent
calibration risks overfitting and can be unstable when subgroup sizes are small. A practical compromise
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is to calibrate globally but monitor calibration stratified by missingness regime, refreshing calibration
as needed.

Finally, probability semantics depend on the label definition and horizon. If the horizon changes,
the conditional probability changes. Therefore, calibration must be tied to a fixed label semantics. In
systems that provide multiple horizons, one can train a multi-horizon predictor that outputs a vector of
probabilities, each calibrated separately. This can be done by sharing the encoder and using separate
output heads, with calibration maps per horizon.

6. Evaluation under Missingness Stratification and Distribution Shift
Evaluation in ICU forecasting often reports AUROC and AUPRC computed over all decision-time sam-
ples in a held-out set. While these metrics are informative, they can obscure the role of missingness and
observation policy. If a model performs better on high-missingness samples, that could indicate that the
latent clinical signal is stronger in those samples, or it could indicate that missingness itself is serving as
a proxy for severity [16]. Distinguishing these interpretations requires stratified evaluation and careful
reporting of base rates.

A principled evaluation protocol begins with patient-level splits to prevent leakage across correlated
samples. It then defines a set of stratification variables, such as missingness fraction in the lookback
window, note availability, ICU unit type, and time since admission. For each stratum, one reports dis-
crimination metrics and calibration metrics along with the stratum’s base rate. Because AUPRC depends
on prevalence, reporting base rate is essential to interpret differences. In addition, one should evaluate
event-level detection performance, such as whether an event is preceded by at least one alert within a
lead-time window, because sample-level metrics can be inflated by repeated high scores around an event.

Missingness stratification is particularly revealing. In practice, one often finds that high-missingness
strata have different base rates and different score distributions. A concrete example of this phenomenon
is that performance can appear higher in the high-missingness stratum, with both AUROC and AUPRC
improving, even though missingness is generally viewed as harmful. This can occur because high-
missingness strata correspond to later ICU phases or different care pathways with stronger signal
separation [17]. In one reported stratification, the AUROC increased from 0.7296 in a 50–80% missing-
ness group to 0.8193 in a ≥ 80% missingness group, alongside a base-rate increase from 2.0% to 4.4%,
illustrating howmissingness can be confounded with acuity and prevalence in realistic cohorts, and why
stratified reporting is necessary to interpret aggregate metrics, as described by Sadanandan (2025) [18].

This observation motivates two evaluation tasks beyond standard metrics. The first is shortcut sensi-
tivity analysis, which measures how much predictions change when missingness patterns are perturbed
while preserving observed values. For example, one can artificially mask a subset of observed values
and see whether risk increases systematically, which would suggest that the model treats missingness as
risk. Another perturbation is to modify event counts or time-since-last-observation features while hold-
ing values fixed. Such tests do not represent real data, but they can reveal brittleness and overreliance
on observation features. The goal is not to claim causal effects, but to understand model behavior.

The second task is policy-shift robustness. If the measurement policy changes, the distribution of
missingness features changes. One can simulate mild policy shifts by subsampling measurement events,
reducingmeasurement frequency uniformly or in channel-specific ways, and evaluating whether ranking
and calibration degrade. Event subsampling can be done with a channel-specific retention probability.
While this does not replicate clinician-driven changes, it provides a controlled stress test that probes
whether the model relies on fine-grained measurement frequency [19]. If performance collapses under
mild subsampling, the model is likely brittle to policy changes.

Distribution shift also arises in text. Note availability can change with documentation policies, tem-
plate updates, and note-type inclusion criteria. A model that benefits from text may degrade if notes
become less frequent or if note content changes. Modality dropout during training can improve robust-
ness by ensuring the model remains competent without notes, but evaluation should still stratify by note
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availability. Additionally, one should test the model on time-separated cohorts to capture temporal drift
in documentation practices.

Calibration evaluationmust be integrated into these shift assessments. Amodel canmaintain AUROC
under shift while calibration degrades. Therefore, one should compute reliability curves and calibration
errors in each stratum. Tail calibration is especially important because alerts operate in the high-score
region. If themodel is overconfident in the top decile, it can trigger many false alerts [20]. Tail calibration
can be evaluated by computing empirical event rates among the highest predicted risk quantiles and
comparing them to mean predicted probabilities.

Finally, evaluation should reflect the intended deployment policy. If the system will trigger alerts
with a refractory period and hysteresis, metrics should be computed on the induced alert events rather
than on raw hourly samples. This connects model performance to operational burden, such as alerts per
patient-day, and to clinical utility, such as median lead time before events. A model that performs well
under sample-level metrics but triggers repeated alerts may be unacceptable in practice. Conversely, a
model with modest sample-level metrics might provide good event-level detection when combined with
a well-designed policy.

7. Systems Implementation, Streaming Inference, and Auditable Causality
A forecasting model is not only an algorithm but also a system. In ICU settings, the system must ingest
streaming structured data, handle late-arriving values, integrate asynchronous notes, and produce risk
outputs with low latency. It must also be auditable: for any output, one should be able to reconstruct
what information was available and what computations were performed. This requirement is both a
safety constraint and a debugging necessity [21].

Streaming inference favors event-driven encoders. A continuous-time recurrent encoder can update
state at each measurement event and propagate state forward in time as needed. In a discretized decision
system, one can query the hidden state at hourly decision times by integrating the ODE between events.
This avoids recomputing over a fixedwindow at each hour. The computational cost becomes proportional
to the number of events, which can be efficient when measurements are sparse. For high-frequency
vitals, one may still need to aggregate or downsample events to avoid overwhelming the encoder, but
the event-driven structure remains useful for representing irregular labs and interventions.

Late-arriving data introduces a causality challenge. Suppose a lab valuemeasured at time t is recorded
in the system at time t Δ. A real-time system at time t ϵ cannot use that value for predictions at time t ϵ
if it is not available, even though its chart time is earlier. Therefore, the system must distinguish between
event time and availability time, using availability time to determine what can be conditioned on. The
same is true for notes [22]. This implies that the data pipeline must preserve availability times and not
overwrite them during preprocessing. In addition, the system should log the exact set of events used for
each prediction, enabling retrospective verification.

Auditable causality can be formalized by defining a prediction trace. For each decision time, the
trace contains identifiers of all events and notes that were visible, along with their timestamps and any
preprocessing transformations applied. The model consumes this trace and produces a logit and prob-
ability. If calibration is applied post-hoc, the trace also records the calibration parameters used. This
makes it possible to reproduce outputs exactly and to investigate discrepancies when outcomes differ.
From a computer-science perspective, this is a provenance problem and can be addressed with structured
logging and deterministic preprocessing.

Modality fusion in a system must handle missing notes gracefully. If note embeddings are computed
by a large transformer, computing them repeatedly for each decision time is inefficient. An event-driven
note embedding cache computes the embedding once at note arrival and stores it [23]. The text context
state is then updated. This yields low incremental cost. However, transformer encoders can be sensitive
to template changes and de-identification artifacts. A robust system therefore monitors embedding statis-
tics, such as mean and variance over time windows, to detect shifts that might indicate changes in note
content distribution.
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The calibration component is also a systems artifact. Temperature scaling requires a scalar parameter,
which can be fit on a calibration set and then deployed. Over time, the optimal temperature may drift.
A system can therefore include a calibration maintenance job that periodically refits the temperature on
recent labeled data, using a moving window. Because labels may be delayed, the calibration window
may lag by days or weeks. Nonetheless, periodic recalibration can improve probability reliability under
shift [24]. The system must then version calibration parameters and ensure that the correct version is
applied for each prediction, which again is a provenance requirement.

Robustness monitoring should include both data-level and model-level signals. Data-level signals
include missingness distributions, measurement rates per channel, note arrival rates, and basic summary
statistics of values. Model-level signals include score distributions, fraction of scores above operational
thresholds, and calibration residuals when labels become available. Drift detection can be implemented
by comparing these signals to training baselines using statistical tests or control charts. When drift is
detected, the system can trigger a recalibration procedure or raise an alert for human review.

Finally, integration into clinical workflows requires mapping probabilities to actions. A probability
stream at hourly resolution is rarely actionable without a policy. Policies such as hysteresis thresholds
and refractory periods reduce alert fatigue. Because these policies depend on probability semantics,
calibration is directly tied to operational burden. Therefore, system design should treat the policy as
part of the overall model, with evaluation and monitoring that reflect the policy’s induced alerts [25].

8. Discussion: Separating Physiologic Signal from Observation-Policy Signal
A central tension in ICU forecasting is that the observation process carries information. Clinicians mea-
sure more when they are concerned, so measurement frequency can predict deterioration. Conditioning
on measurement frequency can improve predictive performance, but it can also make the model brittle
under policy changes. This tension is not resolved by simply excluding missingness features, because
missingness can also reflect real physiologic stability patterns and because excluding it can reduce per-
formance in the current workflow. The goal is therefore to build models that can use observation-process
information while being robust to reasonable changes.

The event-stream and intensity modeling perspective provides one path. By explicitly modeling mea-
surement intensity, one can quantify how much the hidden state encodes propensity and how much that
propensity contributes to risk predictions. One can then evaluate models under subsampled measure-
ment scenarios to see whether performance is stable. If performance degrades severely, one can adjust
training with augmentation or regularization to reduce reliance on propensity. This is a computer-science
approach to robustness that treats measurement policy as a domain variable.

Another path is to create multi-task objectives that include auxiliary tasks tied to physiologic state
rather than to workflow [26]. For example, predicting future values of certain physiologic variables can
encourage the encoder to represent dynamics. If the encoder can forecast future vitals, it likely encodes
physiologic structure beyond observation patterns. Similarly, reconstructing masked measurements can
encourage robustness to missingness. These auxiliary tasks can be implemented with self-supervised
losses, which is attractive because labeled deterioration events are sparse. However, self-supervised
tasks can also learn workflow artifacts if not designed carefully. For instance, reconstructing missing
labs may encourage the model to infer lab ordering patterns. Therefore, auxiliary tasks should be chosen
to emphasize within-patient dynamics rather than across-patient workflow regularities.

Text adds another layer to this separation problem. Notes can encode clinician concern and planned
interventions, which are part of the observation-policy signal. They can also encode contextual facts
not present in structured fields, such as nuanced respiratory effort, mental status changes, or imaging
interpretation [27]. Distinguishing these roles is difficult. A practical approach is to treat text as context
modulation rather than as a primary predictor, using fusion operators that limit the direct influence of
text on logits unless supported by structured evidence. Decayed text context andmodulationmechanisms
can help.
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Evaluation should reflect these distinctions. If a model’s performance gain comes largely from
observation-policy signal, it may fail under policy shift. Stratified evaluation by missingness and note
availability can reveal whether gains are concentrated in certain regimes. Additionally, one can evaluate
on subsets where observation patterns are controlled, such as patients with similar measurement rates,
to see whether the model still discriminates. While such controlled subsets may be smaller, they provide
insight into what the model is using.

Finally, probability semantics must be interpreted cautiously. A calibrated probability is calibrated
with respect to the deployed environment, which includes the observation policy. If the observation
policy changes, the probability semantics change [28]. Therefore, calibration maintenance is necessary,
and one should avoid overinterpreting the probability as an intrinsic physiologic risk independent of
workflow. From a decision-support standpoint, probabilities are still useful if they are reliable predictors
of outcomes under the current care process, but their interpretation must remain anchored to that process.

9. Conclusion
This paper presented a technically grounded framework for multimodal ICU deterioration forecasting
that treats irregular sampling and informative missingness as primary modeling objects rather than
preprocessing nuisances. By representing structured measurements as marked event streams and intro-
ducing explicit observation-intensity modeling, the framework makes the measurement policy visible
to the learning system and provides tools to analyze robustness under policy shift. Modality-stable
fusion operators and causal masking constraints were developed to integrate asynchronous text context
while preserving definability under modality absence and minimizing leakage risk. Learning objectives
were discussed from the standpoint of identifiability and probability semantics, motivating a modular
separation between discrimination learning under imbalance and post-hoc calibration recovery.

A central message is that performance improvements in clinical forecasting must be interpreted
through the lens of the observation process. Missingness patterns can be predictive yet confounded, and
text can provide complementary semantic context while also encoding workflow-driven signals. There-
fore, evaluation should be stratified by missingness regimes and modality availability, and it should
include shift-oriented stress tests that probe dependence onmeasurement frequency. Deployment should
be treated as a systems problem requiring auditable causality, streaming inference, calibration mainte-
nance, and monitoring for drift in both data and scores. Under these principles, multimodal forecasting
models can be engineered to deliver reliable probabilistic outputs that remain meaningful under realistic
operational constraints and evolving clinical workflows [29].
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