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Abstract

Intensive care forecasting is frequently described as the problem of predicting near-future clinical deterioration from
recent electronic health record data. That description is correct at a high level, yet it suppresses the computational
asymmetry that makes the task difficult. The structured record and the documentary record do not play equivalent
roles. Vital signs and laboratory values form a sparse and irregular trace of monitored physiology, while notes,
reports, and bedside assessments provide compressed interpretations whose semantic richness exceeds their temporal
precision. A practical deterioration model must therefore do more than combine modalities. It must maintain a
revisable internal belief about patient state while deciding how strongly numeric trajectories and narrative context
should influence that belief at each moment. This paper built around representational asymmetry, belief revision, and
support-aware priority formation. The proposed view treats structured signals as primary carriers of short-horizon
physiologic dynamics and clinical text as a higher-level contextual operator that sharpens, softens, or redirects latent
hypotheses rather than replacing the temporal stream outright. A dual-timescale memory model is introduced to
separate rapidly changing monitored evidence from slowly decaying contextual evidence, followed by a belief-update
rule that explicitly represents contradiction, support strength, and residual uncertainty. The discussion then turns
to training objectives that prevent modality collapse, maintain a useful upper tail under severe class imbalance, and
link calibrated prediction to constrained review capacity. The result is a framework in which forecasting, confidence,
and triage are understood as coupled problems of sequential representation rather than as isolated steps in a standard
classification pipeline.

1. Introduction

The intensive care unit is often introduced as a nat-
ural habitat for machine learning because it seems to
offer everything the field usually wants [1]. Data are
abundant, measurements are repeated, outcomes mat-
ter, and the operational case for early recognition of de-
cline is obvious. Yet once one moves from that general
picture to the actual mechanics of ICU prediction, the
task becomes less straightforward. The record avail-
able to a model is not a single coherent stream of clin-
ical truth. It is an uneven mixture of monitored val-
ues, laboratory updates, intervention traces, and tex-
tual compressions of human judgment. Some channels
arrive frequently but say little beyond local physiology.
Others arrive rarely but carry rich interpretations of
trajectory, uncertainty, or concern. Some entries mark
direct observation. Others mark the consequences of
what clinicians have already inferred. It follows that
the central problem is not simply one of multimodal
fusion. It is one of deciding what sort of evidence each
modality contributes to an internal estimate of the pa-

tient’s state [2].

This representational asymmetry is easy to under-
estimate because the standard benchmark setup hides
it [3]. A model receives a time window, a label indi-
cating whether an adverse event occurred soon after,
and an optimization target. Once the data have been
aligned and padded, the chart appears to be a generic
tensor plus perhaps a note embedding. But the orig-
inal record is not generic in that way. A blood pres-
sure value, a creatinine result, a nursing assessment,
a radiology report, and the absence of a fresh lactate
do not have the same semantic status. The first two
are directly interpretable physiologic quantities, albeit
with varying freshness. The note is a delayed natural-
language interpretation of a recent trajectory. The re-
port is a bounded document tied to an imaging event
and readout process. The missing lactate is neither an
observed value nor pure noise; it is a trace of what the
care system chose not to do at that time. Once these
distinctions are noticed, the natural question becomes
not merely how to fuse all channels, but how to assign
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them distinct roles inside a belief-revision process [4].
The distinction between structured physiologic ev-

idence and textual clinical evidence is particularly im-
portant. Notes can contain impressions, suspected mech-
anisms, concern about trajectory, anticipated compli-
cations, and contextual information unavailable in nu-
meric fields [5]. Yet they are poor substitutes for direct
short-interval monitoring. The asymmetry reported by
Sadanandan (2025) [6], in which the multimodal config-
uration benefits from notes while the text-only setup
remains near chance, is especially suggestive here: it
implies that documentation helps most when treated
as an interpretive modifier of ongoing physiologic es-
timation rather than as an independent surrogate for
the short-horizon state itself. That observation mo-
tivates the central argument of this paper. Clinical
documentation should not be asked to play the same
representational role as structured temporal measure-
ments. It should instead be used to revise, contextual-
ize, and sometimes challenge the latent state inferred
from monitored variables.

This perspective changes how one thinks about the
architecture. If text and structure are not symmet-
ric evidence sources, then naïvely placing them side by
side in a fusion layer risks either underusing text or let-
ting it dominate in ways that are not temporally justi-
fied. The model needs a mechanism for dual-timescale
reasoning. Structured measurements need to support
rapid updates because they are closer to the moment-
to-moment state of the patient. Narrative evidence
needs a slower memory because its semantic content
often persists beyond the minute in which it was filed,
but its relevance should still decay or be revised when
subsequent monitored evidence contradicts it. This im-
plies a representation with at least two characteristic
time constants and an explicit notion of support [7]. A
statement in text should not carry the same influence
one hour later if fresh measurements have moved the
physiologic state elsewhere. A stable contextual con-
cern, however, should not disappear merely because no
new note has been filed.

A second consequence concerns uncertainty. Many
predictive systems output a probability and perhaps
a confidence estimate, but in ICU surveillance the un-
certainty is rarely one-dimensional. Some uncertainty
comes from ambiguous patient state. Some comes from
sparse or stale monitoring. Some comes from conflict
between what the monitored data suggest and what the
documentation implies. A robust belief-state model
should track these distinctions because they determine
whether a patient should be escalated immediately, re-
viewed manually, or monitored for additional evidence.
In other words, the operational meaning of uncertainty
is intertwined with the representational asymmetry of
the inputs.

The queue into which predictions are consumed
makes this even more important. In an actual unit,

scores do not exist in isolation [8]. They rank patients
relative to one another, compete for review slots, and
must remain coherent enough that human teams can
trust the ordering. A model that is globally discrimi-
native but has a flat or unstable high-risk tail may be
worse than a slightly less discriminative model whose
upper ranks are sharper and whose uncertainty is more
honest. The top of the ranked list is where the asymme-
try between structured and textual evidence matters
most, because that is where contextual information can
either rescue a subtly deteriorating patient from being
overlooked or inappropriately push a low-support case
into an expensive review slot.

This paper develops a framework around these ob-
servations. The first step is to formalize why ICU de-
terioration forecasting should be understood as belief
revision rather than static classification. The second is
to build a representation that distinguishes fast phys-
iologic memory from slower contextual memory, then
lets them interact through explicit support and con-
tradiction operators. The third is to derive learning
objectives that prevent representational collapse, par-
ticularly the tendency of one modality to absorb the
role of the other or to exploit observation artifacts. The
fourth is to connect the resulting belief state to ranked
triage under limited review capacity, where support-
aware calibration matters as much as discrimination.
The final step is to examine how such a system be-
haves once deployed in a closed loop where its outputs
can alter future observation and thereby the evidence
available for future updates.

Its primary concern is the design of latent state,
memory, update operators, loss geometry, and deploy-
ment logic under asymmetrical evidence streams [9].
The underlying clinical target remains important, but
the main contribution is conceptual and systems-oriented:
ICU deterioration forecasting should be treated as a
problem of maintaining, revising, and acting on struc-
tured belief under unequal evidence roles, not as a
generic classification task with one more modality added.

2. The Mismatch Between Recorded Data and Clinical
State
A common hidden assumption in predictive modeling
is that the input space, although noisy, stands in a
reasonably direct relation to the underlying state of
interest. In the ICU that assumption weakens sub-
stantially. The relation between what is true of the
patient and what is present in the chart is filtered by
a clinical process that is selective, delayed, and inter-
vention sensitive. The chart is therefore not simply a
state vector with missing values. It is a representation
created by repeated acts of observation and interpre-
tation. A forecasting model that does not distinguish
these acts from the patient state itself risks confound-
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Figure 1. Asymmetric evidence roles in ICU deterioration forecasting. Structured signals drive a rapidly changing physio-
logic estimate, while clinical text contributes a slower contextual memory that revises rather than replaces short-horizon
state estimation. The resulting belief state emits urgency, support, and review value as distinct operational quantities.

Table 1. Key components of the ICU deterioration forecasting framework

Component Primary Role Evidence Source Temporal Behavior
Latent patient state x(t) Hidden clinical condition Combined signals Continuous evolution
Observation mechanism
m(t)

Determines measure‑
ments

Workflow + clinical context Policy dependent

Observed record o(t) Data available to model Chart entries Irregular updates
Intervention context u(t) Treatment influence Orders and actions Event‑driven changes

ing the thing to be inferred with the process by which
it became visible.

Let xi(t) denote the latent physiologic-organizational
state of patient i at continuous time t. This latent state
includes not only hidden clinical severity, but also any
contextual variables necessary for interpreting moni-
tored measurements under treatment. Let ui(t) denote
intervention context, and let oi(t) denote the observ-
able record available at time t. A useful starting point
is to interpose an observation mechanism mi(t), repre-
senting the current measurement and documentation
policy [10]. Then

xi(t +∆t) = fx
(
xi(t), ui(t)

)
+ ϵi(t)

mi(t) = fm
(
xi(t), ui(t),ωi(t)

)
+ νi(t)

oi(t) = fo
(
xi(t), mi(t)

)
+ ηi(t), (1)

where ωi(t) represents workflow or service-level fac-
tors. This decomposition is not intended as a complete
causal model of the ICU. Its purpose is to state plainly
that the observed record depends on a policy-like mech-
anism whose state is partly determined by the patient
and partly by the care environment.

Once this is written down, missingness becomes
more interesting. Suppose a key variable is not mea-
sured. In many domains that absence is best handled
by imputation and a mask. In the ICU, the absence

may be clinically benign, worrisome, or merely rou-
tine depending on context. The model should there-
fore not interpret absence in a uniform way. It should
ask whether the current observation policy would have
been expected to measure the variable if the latent
state were severe. This is one reason an auxiliary obser-
vation model is helpful: it gives the system a notion of
expected inspection behavior. Deviations from that ex-
pectation can then inform uncertainty or review value
[11].

To see why this matters, imagine two patients with
similarly sparse lab profiles. One is a stable postoper-
ative patient on a pathway where frequent laboratory
repetition is not needed. The other is a late-course
unstable patient whose care team has focused on vaso-
pressor titration and bedside assessments, leaving some
labs unrefreshed. The raw mask pattern might look
similar, but its interpretation should differ. In the first
case, sparse observation can be consistent with low ur-
gency and adequate support. In the second, sparse
observation may coexist with high urgency and high
informational deficit. A model that sees only the mask
without modeling the observation regime is likely to
blur these situations.

Notes produce a related but distinct mismatch. They
encode observations, interpretations, and concerns that
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Figure 2. Dual-timescale memory architecture. Structured tokens update the fast state at each step, whereas documents
update the slow contextual state only when semantically meaningful narrative evidence arrives. Belief quality depends on
their agreement, their persistence, and the contradiction that remains after both streams are projected into a common
latent space.

Table 2. Contrasting properties of structured signals and clinical documentation

Modality Information Type Strengths Limitations
Vital signs Physiologic measure‑

ments
Frequent updates Limited semantic depth

Laboratory values Quantitative biomarkers Diagnostic specificity Sparse timing
Clinical notes Narrative interpretation Rich contextual insight Delayed timestamps
Radiology reports Structured narrative find‑

ings
High diagnostic detail Event‑based frequency

may remain semantically relevant even when they are
not temporally granular. The recorded filing time of a
note is not the same as the support interval over which
its content applies. A radiology report may describe a
finding that remains relevant for hours or days, but a
statement of bedside concern may decay more quickly
if subsequent measurements contradict it [12]. This
means that the mapping from note to belief update
depends on both content and the evolving structured
state. It is not enough to compute one embedding per
note and reuse it as though text were a static covariate.

Another mismatch arises from intervention entan-
glement. A patient’s observed hemodynamics under es-
calating vasopressors say something different from simi-
lar hemodynamics without support. At the same time,
the intervention itself is evidence that clinicians per-
ceived a certain urgency. Therefore the model should
not treat intervention records merely as ordinary pre-
dictors or merely as targets to be excluded. They are
part of the state transition and part of the support
structure. A deterioration system that ignores inter-
vention entanglement risks overreading treated stabil-

ity or underreading the severity implied by the treat-
ment burden.

This leads to a more careful definition of what a use-
ful representation should accomplish. It should sum-
marize the latent urgency state, preserve enough infor-
mation about how that state was observed, and carry
forward enough contextual evidence that support and
contradiction can be assessed over time. Standard fea-
ture aggregation excels mainly at the first of these [13].
Belief-state design is motivated by the need to do all
three simultaneously.

3. Dual‑Timescale Memory for Asymmetric Modalities
If structured physiologic measurements and clinical doc-
uments play different epistemic roles, then their mem-
ories should not be forced into a single temporal mech-
anism. The physiologic stream carries local, rapidly
updating evidence about short-horizon change. The
document stream carries slower, semantically richer
contextual evidence that is useful precisely because it
compresses interpretations and concerns over a longer
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Figure 3. Support-aware belief revision. A prior state is updated by fresh physiologic evidence and slower documentary
evidence, while the observation regime moderates how much trust should be placed in the update. The output separates
posterior urgency from support and residual uncertainty rather than collapsing all three into one scalar score.
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Figure 4. From belief to review value. Patient-level urgency, support, informational need, and current attention saturation
are transformed into a ranked queue under limited review capacity. This representation distinguishes cases that should be
reviewed for clarification from those that already warrant direct escalation.

span. A suitable model therefore needs at least two
memories with different persistence and update behav-
ior. One can think of them as a fast state and a slow
context, though each may itself be high dimensional.

Let h(f)i (t) denote a fast memory driven primarily
by structured measurements and their freshness pat-
terns, and let h(s)i (t) denote a slower memory driven
primarily by textual context, intervention narrative,
and more persistent latent interpretations. The fast
memory update can be written as

h(f)i (t +∆t) = (1 – κ
(f)
i (t)) h(f)i (t) + κ

(f)
i (t)ϕf

(
ei(t +∆t), ui(t +∆t)

)
,

(2)

where ei(t+∆t) is the structured token built from val-
ues, validity masks, and elapsed times. The gate κ

(f)
i (t)

should be high when genuinely informative new mea-
surements arrive and lower when the interval contains

little more than carry-forward state.
The urgency state can then be obtained from both

memories:

zi(t) = Wfh
(f)
i (t) + Wsh(s)i (t) + bz. (3)

However, this linear combination is too crude if left
alone. What matters is not only the sum of fast and
slow evidence, but whether they are coherent. There-
fore a contradiction vector should be maintained:

ci(t) =
∣∣Afh

(f)
i (t) – Ash(s)i (t)

∣∣. (4)

This vector measures how different the fast and slow
memories are when mapped into a common latent sub-
space. High contradiction does not always mean the
model should lower urgency. Sometimes it should in-
crease review value because the patient looks unstable
under one view of the record and unsupported under
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Figure 5. Training geometry under rare events. The model is optimized not only for event discrimination but also for
queue concentration, support-aware calibration, low-churn prioritization, and explicit fit to the observation process that
generated the chart. This keeps the top of the ranking operationally useful instead of statistically respectable but clinically
flat.

Table 3. Fast and slow memory representations for multimodal evidence

Memory Type Main Inputs Update Trigger Purpose
Fast memory h(f) Vital signs, labs Newmeasurements Capture short‑term dy‑

namics
Slowmemory h(s) Notes, contextual events Documentation arrival Maintain semantic context
Contradiction vector c(t) Fast vs slow states Representation diver‑

gence
Detect evidence conflict

Urgency state z(t) Combinedmemories Continuous inference Estimate deterioration risk

another. What it should nearly always do, however, is
affect support qi(t).

One attractive property of the dual-timescale de-
sign is that it naturally solves a problem that affects
many note-based ICU predictors: temporal over-persistence
of semantic embeddings. If the same note representa-
tion is allowed to influence every subsequent prediction
equally, then documentation acts like a static base-
line rather than as evolving context [14]. In the slow-
memory framework, a note is not stored as a fixed ad-
ditive vector. It alters a contextual state whose future
influence depends on both its own content and subse-
quent fast-memory evidence. A note about a worrying
trajectory can continue to matter, but its effect can be
attenuated if monitored physiology later contradicts it.

The asymmetry between fast and slow memory can
also be used to shape uncertainty. Diffuse fast memory
with little fresh evidence should widen short-horizon
uncertainty. Strong slow memory with weak fast sup-
port should produce context-heavy but cautious pre-

dictions. Agreement between the two should increase
support. Let

qi(t) = σ
(

w⊤
q [ζ

(f)
i (t), ζ(s)i (t), ci(t),χi(t)] + bq

)
, (5)

where ζ
(f)
i (t) and ζ

(s)
i (t) summarize fast and slow evi-

dence quality and χi(t) measures support-set familiar-
ity. This makes support explicitly responsive to the
interaction between timescales.

A further advantage of dual-timescale memory is
computational. Fast updates can be performed on each
chart event or hourly window, while slow updates need
only occur when new documentation or meaningful se-
mantic evidence arrives. In a streaming deployment
this reduces cost and aligns processing effort with the
actual semantics of the data [15]. More importantly,
it keeps the model’s internal dynamics interpretable:
structured evidence should have the capacity to move
urgency quickly, whereas text should usually move it
through contextual revision rather than outright re-
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Figure 6. Closed-loop deployment and counterfactual observation worlds. Once deployed, the model changes the future
chart by affecting review, intervention, and documentation patterns. Robustness should therefore be tested by perturbing
observation policy itself and measuring how urgency, support, and review value move under altered documentation density
or measurement cadence.

Table 4. Evidence signals influencing belief updates

Signal Type Example Model Interpretation Effect on Belief
Fresh measurement New blood pressure High temporal relevance Rapid urgency update
Stale observation Old laboratory value Reduced evidence weight Increased uncertainty
Narrative concern Clinician note Contextual interpretation Modify slowmemory
Measurement absence Missing lactate test Observation policy trace Adjust support estimate

placement.
The broader point is that multimodality in the ICU

is not only about combining features. It is about com-
bining evidence sources with different update laws. A
model that respects that difference gains a more plau-
sible internal geometry of urgency and support. It is
then in a position to ask not only what the patient’s
risk is, but whether another look is worth the cost.
That question is formalized next.

4. From Belief to Review Value
The operational relevance of a deterioration model comes
from how it allocates attention. A score that cannot
guide who deserves one more review, one more bedside
check, or one more escalation conversation is of limited
practical use no matter how respectable its benchmark
statistics appear. The belief-state formulation is useful
precisely because it can support a review-value calcu-
lation that goes beyond event probability.

Let p̃i(t) denote the calibrated probability of de-
terioration within the horizon of interest. Let qi(t)
denote support, and let ri(t) denote residual informa-
tional need. Let ai(t) represent current attention satu-
ration, for example how actively the patient is already
being managed or monitored [16]. Then define review
value

vi(t) = αpp̃i(t)gi(t)qi(t) + αrri(t) – αaϕa
(
ai(t)

)
, (6)

where gi(t) is a lead-time-sensitive actionability func-
tion and ϕa discounts situations in which marginal
benefit of additional automated prioritization is low
because attention is already intense. This is a deliber-
ately hybrid quantity. It combines event probability,
support, informational need, and attention saturation
because each of these changes whether another unit of
review is worth spending.

The active review set Q(t) is then

Q(t) = arg max
Q⊆I(t)

∑
i∈Q

vi(t)

s.t. |Q| ≤ Kt, (7)

where Kt is current capacity. This formulation makes
clear that top-of-queue placement is not a simple func-
tion of deterioration risk. A patient can have high
event probability but low marginal review value if their
state is already obvious and heavily managed. Another
can have slightly lower event probability but higher re-
view value if support is weak and the trajectory still
appears modifiable.

This queue view also clarifies why support matters
operationally. If two patients have the same risk but
one is strongly supported and the other weakly sup-
ported, the strong-support case may deserve escala-
tion while the weak-support case may deserve review
or additional observation. Support should therefore
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Table 5. Factors determining support and uncertainty estimates

Factor Description Evidence Source Influence on Support
Data freshness Recency of measurements Structured signals Higher freshness increases

support
Modal agreement Consistency across modal‑

ities
Fast and slowmemory Agreement strengthensbe‑

lief
Observation density Frequency of monitoring Chart patterns Sparse data lowers sup‑

port
Context familiarity Similar prior states Support set comparison Familiar states increase

confidence

Table 6. Elements contributing to review value in patient prioritization

Variable Meaning Operational Effect Typical Scenario
Risk probability p̃ Estimated deterioration

chance
Raises priority ranking Rapid physiologic decline

Support q Evidence reliability Determines escalation con‑
fidence

Consistent measurements

Information need r Value of additional evi‑
dence

Encouragesmanual review Sparse monitoring

Attention saturation a Existing clinical focus Reduces marginal value Already intensively man‑
aged patient

not merely shrink a probability. It should help decide
what kind of attention to spend [17]. This is difficult
to encode if the model emits only a single scalar. It
becomes straightforward when urgency, support, and
informational need remain separate inside the belief
state.

A useful extension is to model several action tiers.
Let A = {none, watch, review, escalate}, and define

Vi(a, t) = E
[
Bi(a, t) – Ci(a, t) | bi(t)

]
. (8)

The action policy selects

a⋆i (t) = arg max
a∈A

Vi(a, t) (9)

under action-specific capacity limits. This is more re-
alistic than a single threshold because it preserves the
difference between high urgency with low support and
high urgency with high support. The former may lead
to review. The latter may lead to immediate escalation.
A model that collapses both to one alarm threshold
forces the clinical system to reconstruct distinctions
that the representation should have carried.

One can also interpret ri(t) as a limited form of
value-of-information. If the patient’s queue position is
highly sensitive to evidence that is currently stale or
absent, then additional review can be worthwhile even
at only moderate risk [18]. This is especially relevant
in the ICU because the record is endogenous. A model
that notices not only urgency but also strategic un-
certainty can guide attention toward cases where the
chart itself is not keeping pace with the patient. This

is a more nuanced use of machine learning than simple
early warning, and it may be one of the few ways to
make predictions useful when event probability alone
is not enough to justify intervention.

The review-value formulation therefore provides the
bridge from belief representation to operational deploy-
ment. It also creates a more appropriate target for
learning. If the system is judged by the usefulness of
the top of the queue, then the loss must care about
that queue, not only about all windows equally. The
next section addresses that issue directly.

5. Learning Under Rare Events Without Flattening the
Queue

A common failure in ICU prediction is that the model
learns a score field that is statistically respectable and
operationally flat. The positive class is rare, adjacent
windows are strongly dependent, and large parts of the
score distribution never matter for action. If the loss
is dominated by the bulk of the data, the model can
optimize average discrimination while leaving the high-
value tail too crowded, too unstable, or too poorly cali-
brated for practical use. Service-aware learning should
therefore concentrate on the part of the ranking that
feeds the queue [19].
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Table 7. Action tiers derived from belief-state assessment

Action Level Trigger Pattern Operational Response Goal
None Low urgency and strong

support
Continue routine monitor‑
ing

Avoid unnecessary alerts

Watch Moderate urgency signals Increased automated
tracking

Early trajectory awareness

Review High uncertainty ormoder‑
ate risk

Human chart assessment Clarify patient state

Escalate High risk with strong sup‑
port

Immediate clinical re‑
sponse

Prevent deterioration

Table 8. Training objectives supporting queue-oriented learning

Loss Component Function Optimization Target Benefit
Base classification loss Predict deterioration

events
Global discrimination Detect clinical decline

Queue‑focused loss Emphasize top‑ranked pa‑
tients

Utility concentration Improves triage ordering

Churn regularization Penalize unstable rankings Temporal consistency Stable worklists
Support calibration Align support with evi‑

dence quality
Reliable confidence Trustworthy prioritization

A class-imbalance-aware base loss remains useful:

Lbase = –
∑
i,t

αyi(t)(1 – p̂i(t))γ log p̂i(t)

–
∑
i,t

(1 – α)(1 – yi(t))p̂i(t)γ log(1 – p̂i(t)).

(10)
But this objective is only the background. To shape
the queue, define soft queue weights over the active
census:

wi(t) =
exp(βvi(t))∑

j∈I(t) exp(βvj(t))
, (11)

where vi(t) is the predicted review value. If v⋆i (t) is
a proxy target for true review utility, then the queue-
focused term

Lqueue = –
∑

t

∑
i∈I(t)

wi(t)v⋆i (t) (12)

encourages the model to pack review utility into the
top of the ranked list rather than spreading moderate
scores widely.

Repeated windows create another distortion. One
deterioration episode can yield many similar positive
windows, which tempts the model to learn broad pos-
itive plateaus rather than useful transitions in prior-
ity. A novelty measure ni(t), derived from belief-state
change or newly arrived evidence, can correct for this.
One can penalize queue churn when novelty is low:

Lchurn =
∑

t

∑
i∈I(t)

(1 – ni(t))
∣∣wi(t) – wi(t – 1)

∣∣. (13)

This term does not force stability universally [20]. It
says that worklist movement should usually be paid
for with new information. That is the right inductive
bias when the system’s main job is prioritization under
overlapping windows.

Confidence and support should also enter the learn-
ing objective. If the model is to separate high urgency
with strong support from high urgency with weak sup-
port, then qi(t) must be trained toward meaningful
evidence-quality targets. Let ρi(t) be a proxy support
label derived from freshness, modality agreement, and
support-set familiarity. Then

Lconf =
∑
i,t

(
qi(t) – ρi(t)

)2
(14)

gives the support head a concrete task. A calibration
term stratified by support can further regularize score
meaning:

Lcal =
∑
m

ωm

(
1

|Bm|
∑

(i,t)∈Bm

p̂i(t) – 1

|Bm|
∑

(i,t)∈Bm

yi(t)
)2

,

(15)

where bins Bm are defined jointly over risk and support.
This helps prevent the top queue from being populated
by scores that are rank-useful but numerically unsta-
ble under the very evidence regimes where review is
expensive.

Since observation policy is explicitly modeled, the
latent state should also be encouraged to explain mea-
surement and documentation behavior. Let m̂i(t) be
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Table 9. Counterfactual observation scenarios for robustness testing

Scenario Policy Change Expected Model Response Evaluation Focus
Measurement densifica‑
tion

More frequent labs Stable urgency, higher sup‑
port

Shortcut detection

Observation thinning Reducedmonitoring Increased uncertainty Informational deficit han‑
dling

Note inflation Higher documentation
rate

Limited urgency change Narrative robustness

Delayed documentation Late note entries Gradual context decay Temporal sensitivity

Table 10. Operational signals monitored after deployment

Metric Description Monitored Quantity Purpose
Queue urgency mean Average risk in review set zi(t) distribution Detect priority drift
Support level Confidence of queued

cases
qi(t) trends Identify evidence degrada‑

tion
Information deficit Uncertainty among top

cases
ri(t) values Evaluate review efficiency

Queue turnover Patient changes across cy‑
cles

Rank stability Maintain actionable lists

the model’s estimate of the observation-policy features
and mi(t) the realized ones. Then a policy-fit term [21]

Lobs = –
∑
i,t

(
mi(t) log m̂i(t) + (1 – mi(t)) log(1 – m̂i(t))

)
(16)

or an appropriate vector analogue constrains the model
to represent not only outcomes but also the care pro-
cess that produced the record. This is important be-
cause many queue failures come from hidden depen-
dence on observation patterns.

The full objective is therefore service facing:

L = Lbase + λqLqueue + λtLchurn

+ λfLconf + λcLcal + λoLobs + λw|0Θ|022. (17)

Model selection should then favor the system that pro-
duces the most useful queue under realistic capacity,
turnover, and support calibration, not simply the one
with the best global discrimination. This is not a con-
cession to deployment pragmatism. It is the mathemat-
ically consistent thing to do once the deployed object
has been correctly specified.

6. Counterfactual Observation Worlds
If observation policy is part of the signal, then robust-
ness must be tested by changing observation policy.
Standard robustness analyses often perturb values or
mask entries randomly. That is useful for generic stress
testing, but it misses the more interesting question:
what happens when the world changes the way the
ICU actually changes? What happens if note density

increases because a new documentation template is in-
troduced, if a laboratory is ordered more routinely un-
der a new protocol, or if the same patient trajectory
is inspected more or less intensely than in develop-
ment data? A belief-state model should be judged by
whether its queue, support, and review-value behavior
remain sensible under such counterfactual observation
worlds.

Let π denote a modified observation policy, and let
O(π)

i (t) be the resulting record under that policy. One
can then compare urgency, support, and review value
under baseline and modified policies:

∆z(π)i (t) = |0z(π)i (t) – zi(t)|02,

∆q(π)i (t) = q(π)i (t) – qi(t),

∆v(π)i (t) = v(π)i (t) – vi(t). (18)

The crucial issue is not invariance [22]. In many cases
the model should respond. The issue is directional cor-
rectness. If stable patients receive more routine moni-
toring, urgency should not inflate merely because the
mask pattern changed. If a high-risk trajectory be-
comes more weakly observed, support should usually
drop and informational need should rise, even if ur-
gency remains elevated. If documentation is delayed,
contextual influence should weaken gracefully rather
than disappearing chaotically or being treated as cur-
rent when it is not.

Counterfactual worlds are especially useful for iden-
tifying observation shortcuts. If synthetic note infla-
tion or measurement densification pushes many low-
risk patients upward in the queue, then the model
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has learned to treat attention traces as direct surro-
gates for danger rather than as context for belief. Con-
versely, if structured thinning causes urgency to col-
lapse even when contextual evidence remains strong,
then the model has underused the slower memory. These
tests therefore diagnose representational imbalance as
much as they diagnose generalization.

They also provide a route to evaluating informational-
deficit estimates. If ri(t) is large, then a targeted syn-
thetic refresh of the evidence should materially change
the belief state [23]. If it does not, the model’s esti-
mate of review value may be poorly grounded. In this
way, counterfactual observation worlds provide super-
vision not only for robustness but for the model’s sense
of what is worth learning next.

7. Deployment Changes the Data
Once a deterioration model is deployed into an ICU,
it stops being a passive reader of the chart and starts
becoming part of the mechanism that writes the fu-
ture chart. A patient placed high in the queue is more
likely to be reviewed, measured, documented, and per-
haps treated differently. This means the model enters
a closed loop with the observation process. The future
data distribution is no longer simply an external prop-
erty of the unit. It is partly shaped by the model’s own
actions and by how humans respond to them.

This matters first for evaluation. A case ranked
highly that later avoids overt deterioration is not ob-
viously a false positive. It may be a genuinely use-
ful early signal whose downstream effects altered the
course of care. Conversely, a model that appears more
accurate after deployment may partly owe that im-
provement to the fact that top-ranked patients are
now observed more densely and therefore easier to clas-
sify [24]. Both phenomena mean that one cannot in-
terpret post-deployment performance without logging
what the system did to the observation world.

It matters second for drift. Since observation policy
is modeled explicitly, any shift in note density, mask
patterns, or review saturation should be monitored as
a first-order quantity, not buried inside downstream
score change. Let

gi(t) = [zi(t), qi(t), ri(t)] (19)

denote the patient-level belief summary. A queue-level
drift metric can be formed by comparing the mean of
gi(t) over the review set to a reference distribution:

Dqueue(t) =
∣∣∣∣∣0 1

|Q(t)|
∑

i∈Q(t)
gi(t) – µref

g

∣∣∣∣∣0
2

. (20)

If urgency remains similar but support systematically
declines in the queue, the system may still be main-
taining a full worklist while spending more of it on un-
certain cases. That is exactly the kind of operational
degradation ordinary discrimination metrics can miss.

It matters third for adaptation. A service-aware
model should generally be adapted from the outside
inward. The safest first adjustment is usually recali-
bration, especially support-stratified calibration. The
second is re-tuning of queue thresholds or capacities
[25]. Retraining the latent belief architecture should
be more conservative, because abrupt changes there
can alter the semantics of urgency and support in ways
users cannot easily track. A bounded update rule

θ⋆t+1 = arg min
θ

Lrecent(θ)

s.t. E
[
|0fθ(O) – fθt(O)|02

]
≤ ϵ (21)

protects continuity of queue meaning while still allow-
ing the system to respond to drift.

There is also a governance implication. Since the
model’s worklist is built from urgency, support, and in-
formational need, those quantities should remain visi-
ble enough for humans to understand why a case is high
priority. A deployment that only displays a scalar rank
wastes the representational discipline of the model. A
more honest interface can indicate whether a patient
is high in the queue because urgency is strongly sup-
ported, because urgency is high but support is weak,
or because the expected value of review is being driven
mainly by informational deficit. These distinctions
help preserve bounded autonomy. The model can sug-
gest where attention would be well spent without pre-
tending that all top-ranked cases are equivalent.

What emerges from this closed-loop view is that
a deterioration model is not just a predictor. It is a
participant in the evolution of the clinical record [26].
That is precisely why belief-state design is more suit-
able than bare classification. A belief-state model can
expose what changed in the system when its own de-
ployment changes the environment. A static predictor
generally cannot.

8. Conclusion
There is a recurring habit in ICU prediction research
of treating the most difficult part of the problem as if
it had already been solved by preprocessing. Once the
chart has been gridded, normalized, aligned, masked,
and embedded, the remaining question is supposed to
be how to maximize predictive performance on a future
event label. The deeper claim of this paper is that the
essential difficulty lies before that stage and survives all
of those transformations. The ICU record is not merely
incomplete. It is intentionally incomplete in patterns
shaped by judgment, workflow, intervention, and at-
tention. A forecasting system that fails to acknowledge
that fact will often still learn something useful, but it
will learn through a medium whose asymmetries it has
not named. The result is usually a model that looks
more certain than it should, responds too weakly or too
strongly to text, uses missingness as a shortcut when
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it should treat it as a support signal, and gives clini-
cians one number where the clinical problem requires
a structured state of belief.

That is why the paper has argued for belief-state
revision rather than feature aggregation [27]. A fea-
ture vector can be powerful while still being semanti-
cally impoverished. It can drive a classifier quite well
and yet offer no principled place to represent whether
urgency is well supported, whether contradictory evi-
dence is accumulating, whether another review would
mostly confirm what is already obvious, or whether the
chart itself is strategically underinformative. A belief
state is not magic. It does not make these distinctions
trivial, and it does not guarantee that the model will
learn them correctly. What it does provide is a for-
mal place to store them, revise them, and make them
matter for action. That is already a major improve-
ment over forcing every uncertainty and every action
tradeoff into the shape of one scalar probability.

The asymmetry between structured monitoring and
documentation is especially instructive here. Physi-
ologic data, even when sparse and irregular, remain
the main carrier of short-horizon state change. Docu-
mentation, by contrast, is richer in abstraction than in
granularity. When the two are treated as interchange-
able branches of the same fusion problem, either text
becomes too weak to matter or it becomes too influ-
ential for the wrong reasons. Treating text as contex-
tual revision over a fast physiologic state is a more
natural fit for what documentation is [28]. It explains
why notes can materially improve a multimodal system
while still performing poorly on their own in near-term
deterioration tasks. It also provides a practical route
to controlling how narrative context enters the queue:
not as a timeless embedding, but as a slower mem-
ory whose influence should decay, persist, or reverse
depending on subsequent monitored evidence.

The queue itself is another place where the con-
ventional framing has been too small. Clinical teams
do not interact with prediction one patient at a time
in a vacuum. They interact with ranked sets under
scarcity. Every review slot is spent at the expense of
another. Every unnecessary escalation has an opportu-
nity cost. Every unstable top-of-list reshuffle consumes
attention. Once the model is understood as a producer
of queue positions rather than merely of labels, several
things follow immediately. Tail concentration matters
more than average discrimination. Support-aware cal-
ibration matters more than a single global reliability
statistic [29]. Turnover in the top of the list matters
more than score stability in the bulk of the distribu-
tion. And the right immediate target is review value,
not event probability alone.

The framework proposed here is deliberately more
demanding than a standard deterioration classifier. It
asks the model to represent urgency, support, and in-
formational need. It asks the learning objective to care

about queue utility, not only about label separation. It
asks evaluation to move beyond train-test metrics and
toward counterfactual observation worlds in which doc-
umentation density or measurement cadence changes.
It asks deployment to be treated as a closed loop in
which the model partly changes the evidence it later re-
ceives. Those demands are not embellishments added
to make the system look sophisticated. They arise from
the basic fact that in an ICU the chart is a product of
care, not just a readout of biology.

There is a temptation, especially in technical work,
to conclude by reducing everything again to a compact
summary: more context matters, better modeling mat-
ters, deployment matters. That would miss the main
point [30]. The main point is that the abstraction of
the task has been too narrow. If one insists on seeing
ICU deterioration only as event prediction under miss-
ing data, then many of the most consequential phenom-
ena remain hidden inside preprocessing and threshold
selection. If one instead sees it as belief revision un-
der endogenous observation and scarce review capacity,
then a richer and more coherent research agenda ap-
pears. That agenda includes observation-policy model-
ing, dual-timescale memory, support-aware calibration,
value-of-information estimation, queue-facing losses, coun-
terfactual observation robustness, and closed-loop gov-
ernance. It also includes a humbler understanding of
what a good model is supposed to provide. Not cer-
tainty where certainty is impossible, and not alarms
where one needs structured prioritization, but a revis-
able internal estimate of urgency and support that can
help a clinical team spend its attention where it is most
likely to matter.

A model built in that spirit will still make mistakes.
It will still inherit limitations from the data, from the
deployment environment, and from the impossibility of
fully observing critically ill patients in real time. But
those mistakes will occur inside a representation that
at least acknowledges the right sources of uncertainty.
That is the deeper advantage of the belief-state view.
It does not solve the ICU. It stops pretending that the
ICU is a simpler problem than it really is [31].
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