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Abstract

Critical care forecasting is often presented as a straightforward supervised learning task in which future deteriora-
tion is predicted from current electronic health record features. That framing is serviceable for benchmarking, but
it hides a defining computational property of intensive care data: what becomes visible in the record is shaped by
clinical attention itself. Measurements are ordered selectively, documentation density changes with concern and work-
flow, interventions alter both patient state and what is subsequently monitored, and the absence of information is
frequently informative about the observation process rather than the patient alone. As a result, the central tech-
nical challenge is not simply prediction from incomplete data. It is inference over a partially observed dynamical
system whose observation policy is endogenous to the underlying state and to clinician action. This paper develops
a computer-science-centered framework that redefines ICU deterioration modeling as belief-state design under en-
dogenous observation. The proposed view separates latent physiologic state, observation policy, intervention context,
confidence, and marginal review value. A patient representation is then learned not merely to maximize event dis-
crimination, but to support risk estimation, uncertainty formation, and prioritized review under constrained clinical
capacity. The paper introduces a state-space formulation in which structured measurements, missingness patterns,
and clinical notes are interpreted jointly through an observation model, a belief update mechanism, and a queue-facing
utility layer. It also examines how rare-event training, temporal dependence, calibration, and support drift interact
with the allocation of scarce human attention. The resulting argument is that useful ICU forecasting systems should
be designed less as binary event detectors and more as engines for maintaining and acting on belief states when both

the patient and the record are evolving under policy.

1. Introduction

The intensive care unit has become a canonical set-
ting for machine learning because it offers what many
domains appear to lack: repeated measurements, mul-
timodal data, meaningful outcomes, and operational
motivation for early warning [1]. It is therefore under-
standable that a large body of work has framed ICU de-
terioration prediction as a promising application of se-
quence modeling. Yet the apparent abundance of data
obscures a more difficult issue. Intensive care records
do not arise from passive sensing. They arise from ac-
tive care. A clinician decides whether to order a blood
gas, a nurse decides when and how to document, a radi-
ology report appears after an image is obtained and in-
terpreted, and a treatment change can simultaneously
signal concern, alter physiology, and increase future
monitoring intensity. In such a setting, the record is
not merely a noisy projection of the patient. It is also
a record of how the patient was inspected [2]. Any
computational framework that ignores that dual role

is solving an easier and less faithful problem than the
one encountered in deployment.

This observation matters because it changes what
should count as signal. In ordinary predictive model-
ing, one typically thinks of missingness as a defect in
the input. One may encode it with masks, attempt to
impute through temporal models, or hope that suffi-
ciently expressive architectures will learn to cope. In
critical care, however, the pattern of what is present
and what is absent is often part of the mechanism
of concern. Sparse measurement may reflect stabil-
ity, but it can also reflect routine overnight practice,
transfer timing, or a pathway in which only selected
variables are watched closely. Dense measurement may
reflect acute instability, but it may also arise from post-
procedure protocolization or from attention already
concentrated on a recognized problem. The meaning
of observation therefore depends on context, and con-
text is exactly what is often compressed away when the
chart is converted into a regular matrix for prediction
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Figure 1. Endogenous observation in the ICU. The patient state does not directly produce the chart alone; interventions
and workflow shape what is inspected, when it is documented, and which absences in the record are themselves informative.
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Figure 2. Belief-state decomposition. Instead of compressing all evidence into a single opaque feature vector, the represen-
tation is split into urgency, support quality, and residual informational deficit so that ranking and review can depend on

more than event probability alone.

[3]-

A second implication is that the clinically relevant
output of a deterioration system is not exhausted by
a probability of future decline. Teams do not use one
scalar in a vacuum. They decide who to review now,
who can wait, who is rising in urgency, and which cases
remain poorly characterized enough that additional at-
tention may itself have value. In practice, the model
participates in an allocation process. A high score el-
evates a patient in a worklist, competes for scarce re-
view time, and may change what is measured next. A
useful forecasting system must therefore estimate not
only risk but also confidence and the expected value of
additional review or sensing. The right model output
is closer to a structured belief state than to a naked
probability.

There is a further reason to move beyond the stan-
dard framing [4]. The positive class in ICU deteriora-
tion is usually rare on an hourly grid, and the upper tail
of model scores is where operational burden and bene-
fit are concentrated. Under these conditions, average

discrimination metrics can obscure the true difficulty.
A system may place positive windows above negative
windows often enough to achieve a respectable AUROC
while still flooding the top of the list with marginal
cases. Conversely, a system that is modestly weaker in
global ranking may create a far more useful top queue
if its scores are better calibrated, smoother over time,
and more sensitive to whether current evidence is suffi-
cient. The design objective should therefore be aligned
with how the score will be consumed, not only with
how it compares to a label in retrospective evaluation.

In Sadanandan (2025), the text-only model trails
both the structured-only and the multimodal alterna-
tives [5], which suggests that documentation is more
valuable as contextual evidence than as an independent
surrogate for near-term physiologic state. That single
empirical relation is easy to overlook, yet it has deep
design consequences. It suggests that notes should not
be asked to replace the dynamics of monitored vari-
ables [6]. Instead they should modulate how struc-
tured evidence is interpreted, how latent hypotheses
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Figure 3. Streaming belief update. Each interval contributes new measurements, missingness structure, text, and interven-
tion context to a compact filter, which refreshes the latent state and exposes downstream heads for risk, confidence, and

marginal review utility.

are weighted, and how confidence changes when mea-
sured state and documented state agree or diverge. Put
differently, text appears most useful when treated as
an interpretive layer over belief updating rather than as
another standalone predictor competing for the same
role as a time series encoder.

This paper develops that argument by treating ICU
deterioration forecasting as a problem of belief-state
design under endogenous observation. The key claim
is that the patient’s latent urgency state, the policy
by which evidence is gathered, and the system’s esti-
mate of what remains uncertain should all be modeled
together. Once that is done, the work of the model
changes. It is no longer merely learning to label win-
dows. It is maintaining a state estimate that can drive
review prioritization, selective escalation, and support-
aware abstention. The following sections build that
case in a different order than the usual predictive-paper
progression [7]. The discussion first formalizes why
observation must be considered part of the problem.
It then turns to the representational consequences of
treating missingness and documentation as generated
phenomena. After that, it develops the link between
belief states and review value, then moves to rare-event
learning, counterfactual evaluation, and deployment.
The intention throughout is not to overstate the nov-
elty of any single modeling ingredient. The intention
is to show that once the object of the task is named
correctly, the architecture, the loss, and the decision
layer all need to change with it.

2. Observation Is Part of the State

Suppose that each patient i occupies a latent clinical
state z;(t) evolving in continuous time. If observations
were sampled passively and uniformly, then a deteriora-
tion model could reasonably be described as learning
a map from recent observations to a future outcome.
Intensive care data do not satisfy that assumption [8].
Instead, observations are generated conditionally on
the latent state, on intervention context, and on lo-
cal clinical policy. It is therefore useful to introduce
an observation-policy variable m;(t) that summarizes
what the care system chose to inspect or document
at time ¢. The model does not observe x;(¢) directly.
It observes a record o;(t) emitted through a process
governed jointly by z;(¢) and m;(t). A compact formu-
lation is

zi(t+ At) = Fo(zi(t), us(1)) + €i(t)
ml(t) = Fm(a:i(t), ui(t)7 wl(t))
0i(t) = Fo(mi(t), mi(t)), (1)

where u;(t) denotes intervention context and w;(t) de-
notes workflow or institutional factors. This factoriza-
tion is deliberately simple, but it captures the central
point: the observation policy is not exogenous.

The immediate consequence is that one should not
think of missing values and observation masks merely
as aids to imputation [9]. They are summaries of the
policy channel m;(t). For structured variables indexed

by j, let vgz be the latest available value, agg € {0,1}
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Figure 4. Queue-facing decision layer. Review priority is assembled from calibrated risk, confidence, informational deficit,
and current attention saturation, then converted into a capacity-limited queue that separates simple observation from chart

review and stronger escalation.

indicate whether the variable was observed during the

current interval, and ngt) be the elapsed time since it
was last observed. The usual representation

eit = Wovgs + Waagr + Wslog(1+08;4)+0 (2)

can be reinterpreted more productively. The first term
says what the last known physiologic quantity was.
The second and third say how the observation process
has treated that quantity recently. In an endogenous
observation model, those latter terms are not ancillary.
They are part of what is being predicted from.

Clinical notes fit the same logic, though less di-
rectly [10]. A note is not only text. It is evidence that
someone decided to summarize, assess, or justify. Its
appearance time, type, and density are part of mg(t),
while its semantic content provides indirect informa-
tion about z;(t). This means that a note contributes
along two channels at once: a semantic channel and
a policy channel. If a model uses only the semantic
embedding and ignores the fact that the note arrived
now rather than five hours earlier, it discards part of
the support structure. If it uses note frequency too
strongly without controlling for context, it risks learn-
ing workflow shortcuts. The architecture should there-
fore allow note presence and note content to influence
different aspects of the belief state.

A subtle but important issue emerges when one
asks what it means for a state to be “known.” In pas-
sive settings, one might say that the more measure-
ments are available, the better the state is known [11].
In an ICU this is not always true. Many measurements
can coexist with severe interpretive uncertainty if the
patient is unstable and therapies are changing rapidly.
Conversely, relatively sparse data can be enough to
know that a patient is currently stable if those data
align and the observation policy is itself informative.
Therefore uncertainty is not a simple monotone func-
tion of data count. It depends on whether the current

evidence is relevant, fresh, and coherent. That is why
the observation-policy embedding must feed confidence
formation rather than only missing-value handling.

Another reason to model my(t) explicitly is robust-
ness. Suppose a unit changes a standard order set so
that lactate is measured more routinely [12]. The dis-
tribution of observation masks changes immediately.
A model that had learned to interpret repeated lactate
checks as a strong acuity signal may then overestimate
severity in a way not visible from value distributions
alone. If observation policy is a modeled object, such a
shift can be monitored and its effects localized. If it is
only implicit in the weights of an opaque predictor, the
resulting failure looks like mysterious drift. By naming
the observation process explicitly, one turns a hidden
confounder into a trackable state variable.

A final implication concerns what additional review
is supposed to accomplish. If review is valuable partly
because it reduces uncertainty about z;(t), then the
model needs a representation of uncertainty tied to
m;(¢) [13]. That is, the model must know not only
that the patient is risky, but also whether risk is high
because the evidence is strong or because the eviden-
tial pattern itself is suspiciously sparse or selective.
Once this is acknowledged, event forecasting naturally
shades into active sensing. The next section makes
that move more explicit by introducing a belief state
that compresses both the latent patient and the way
the patient has been observed.

3. Belief Compression Instead of Feature Aggregation

Most ICU models begin by aggregating features into
a fixed-dimensional representation. That representa-
tion may be produced by a recurrent network, a trans-
former, or a structured temporal encoder, but the con-
ceptual operation is similar: many heterogeneous ob-
servations are compressed into a vector optimized to
predict the future label. A belief-state view imposes
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Figure 5. Training for the top of the queue. A shared encoder feeds multiple heads so the optimization can jointly
shape discrimination, confidence quality, observation-policy modeling, calibration, and queue stability rather than only

retrospective label prediction.

a different requirement. Compression should preserve
not only predictive content but also enough structure
to say how the current estimate was formed and how
reliable it is. The internal representation should there-
fore be a belief state rather than a plain feature state
[14].

Let b;(t) denote the model’s belief about the rel-
evant aspects of z;(¢) given admissible evidence up to
time t. The belief state need not be probabilistic in the
exact Bayesian sense, but it should behave as though
it summarizes a posterior over latent urgency and sup-
port. A useful decomposition is

bz(t) = (z’i(t)v Qi(t)’ Ti(t))v (3)

where z;(t) is the latent urgency component, ¢;(t) the
confidence or support component, and r;(¢) a represen-
tation of residual uncertainty or informational deficit.
The point of this split is that urgency, confidence, and
informational need do not align perfectly. A single
scalar risk score cannot encode all three without ambi-
guity.

Belief updating can then be written as a recurrent
inference step rather than as one more pass through a
prediction network:

bi(t+ At) = D (bi(2), 05(t+ At), mi(t + AL), ui(t + At)).

(4)

Here @ is the learned filter [15]. Structured measure-
ments update the urgency component directly when
they are fresh and relevant. Observation masks and

note density update the support and informational-
deficit components by indicating what has or has not
been checked. Interventions alter both urgency dynam-
ics and the interpretation of newly arriving evidence.
This filtering perspective is computationally valuable
because it aligns with streaming deployment. New
data update the belief state incrementally instead of
forcing the model to reconstruct long windows from
scratch.

The belief state should also preserve modality-specific

structure long enough to assess agreement. Let zgs)(t)

(d)

summarize structured evidence, z;

(m)

ument evidence, and z; ’(f) summarize observation-
policy context. A gated combination

(t) summarize doc-

(0 = () © 27(8) + (1- gi(t) © TP (1) + Trad™ (1),
(5)

where g;(t) depends on freshness and support, is prefer-
able to unconditional concatenation [16]. Such a com-
bination allows the model to rely more heavily on text
when semantic context is current and consistent, more
heavily on structure when direct measurements are
fresh, and more heavily on observation-policy cues when
the very pattern of measurement is informative. The
transforms T and Ty, align branch dimensions with-
out erasing branch identity entirely.

Confidence ¢;(t) should not be derived from score
magnitude. It should be learned from belief-state prop-
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Figure 6. Counterfactual observation worlds. The same underlying patient trajectory is replayed under altered measurement
density, note availability, or timing so that robustness can be judged by how confidence and review value move when the

support process changes.

erties. A simple head is

ait) = o (w] AP (0, 8, x(0)] +bg), (6)

where AE-Sd) () is structured-document agreement, (;(t)

summarizes evidence freshness and density, and x;(t)
is a support-distance feature measuring how far the
current belief lies from familiar regions of training-time
state space. This makes confidence a learned synthesis
of agreement, freshness, and familiarity rather than an
opaque byproduct of the classifier head.

The informational-deficit term r;(¢) is the piece most
absent from conventional ICU models. It is the model’s
estimate of how much useful uncertainty remains be-
cause the patient has not been observed in certain
important ways [17]. One need not make this term
fully causal or counterfactual to make it useful. It is
enough to learn a proxy for how much the current ac-
tion recommendation would change if selected evidence
were refreshed. In a practical network, r;(¢) can be
trained against approximations to future uncertainty
reduction or against simulated observation-refresh out-
comes. The presence of this term is what allows the
model to recommend attention not only because risk
is high, but because uncertainty is consequential and
still reducible.

A final benefit of belief compression is interpretive
discipline. Since the model tracks urgency, confidence,
and residual informational need separately, it becomes
easier to explain why a patient is high priority. The
answer need not be a brittle token-level attribution. It
can be a structured statement: urgency is high because
recent hemodynamics worsened and treatment intensi-
fied; confidence is moderate because documentation is
stale and respiratory measurements are sparse; review
value is high because additional information could ma-
terially change triage [18]. This is much closer to the

operational use case of a surveillance engine than a
bare score.

The belief-state view sets up the next step naturally.
If the model carries forward not only an estimate of risk
but also an estimate of what remains worth learning,
then the review queue can be optimized with respect
to more than outcome probability. The next section
formalizes that idea by treating review allocation as a
value-of-information problem under limited capacity.

4. Review Allocation as Value of Information

A review slot in the ICU is not valuable merely because
it lands on a high-risk patient. It is valuable because
it may change what is known, what is done, or how
quickly the team responds. This is why a service-aware
forecasting system should order patients by expected
value of review rather than by event probability alone.
The expected value of review has at least three com-
ponents: predicted deterioration risk, expected action-
ability if that risk is real, and expected information
gain if uncertainty is still consequential [19]. A patient
can score highly on one component and weakly on an-
other. The queue should reflect the combination.

Let p;(t) denote the calibrated event risk for pa-
tient 4, ¢;(t) denote confidence, and 74(t) denote infor-
mational deficit. Define ¢;(¢) as a lead-time-sensitive
actionability weight, decreasing when the event is ei-
ther too distant or too immediate to benefit much from
one more review. Then a simple expected review value
is

vi(t) = oppi(1) gi(8) ai(t) + otrri(t) — xadba(ai(t)), (7)

where ¢4 (a;(t)) discounts cases already receiving high-
intensity attention. This formula is deliberately not
purely probabilistic. It recognizes that a patient with
moderate event risk but large reducible uncertainty
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Table 1. Core variables in the ICU state—observation formulation.

Component Symbol Description Role in Model

Latent state x;(t) Hidden  physiologic Governs patient dy-
condition namics

Intervention context u;(t) Treatments and ac- Alters state evolution
tions

Observation policy m;(t) What clinicians choose  Determines visibility of
to measure data

Observed record 04(t) EHR  measurements Input to inference sys-
and notes tem

Workflow factors w;(t) Operational condi- Influences observation
tions behavior

Table 2. Representation of structured observations and missingness signals.

Feature Type Notation

Meaning

Latest value vgjt)
Observation indicator ag
Elapsed time égj)

Embedding vector et

Projection weights

Most recent structured
measurement

Whether variable was
measured now

Time since last mea-
surement

Encoded observation
representation

Learnable embedding
parameters

may deserve a slot ahead of a patient with slightly
higher risk but minimal marginal benefit from more
review.

The review queue is then the solution to [20]

Q(1) = arg max

st |9 < K. (8)

Because Kt is limited, queue membership is inherently

comparative. Every admitted patient displaces another.

This is why the value term ¢4 (a;(t)) matters. Without
it, the queue can become dominated by already satu-
rated cases whose risk is extreme but whose marginal
benefit from automated reprioritization is low.

In a more refined system, review value should distin-
guish between kinds of review. Some patients warrant
chart review, some warrant bedside reassessment, and
some warrant data refresh such as a repeated lab or
closer monitoring.

Let the action set be A = {none, observe, review, escalatevé.
ith Te,

Then the model can estimate
Vi(av t) = ]E[Bz(av t) - C’i(a7 t) | bl(t)]v (9)

for each action a, where b;(t) is the belief state [21].
The chosen action is the highest-value one subject to
capacity constraints in each action tier. This turns the

surveillance problem into a small control problem, not
merely a ranking problem. The queue becomes a policy
over scarce review resources.

An important consequence is that confidence should
modulate action nonlinearly. A high-risk, low-confidence
patient is not equivalent to a low-risk patient. For such
a case, the best action may be to request or prioritize
more information rather than to escalate immediately.
This means the system should reserve the strongest
escalation for regions of the belief state where both ur-
gency and support are high, while allowing moderate-
support high-risk cases to enter lower-cost review tiers.
This provides a principled route to selective escalation
rather than crude alert suppression [22].

One can express this with tiered decision bound-
aries. For example,

if ﬁz(t) > Te
if 'Ui(t) > Ty

a;(t) = escalate and  ¢;(t) > &,
and a;(t) # escalate,

(10)

a;(t) = review

&e, Tr adapted to capacity. This makes ex-
plicit that risk and confidence enter escalation differ-
ently from how risk and informational deficit enter re-
view.

The value-of-information perspective also yields a
way to think about active sensing without overcom-
mitting to algorithmic intervention. The system need
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Table 3. Decomposition of the belief state used for monitoring and decisions.

Belief Component Symbol Interpretation Operational Use

Urgency state 2i(1) Estimated deteriora- Drives risk scoring
tion level

Confidence level qi(t) Strength of evidence Modulates escalation

Information deficit ri(t) Missing or stale evi- Signals review value
dence

Belief vector b; (1) Combined representa- Used in decision layer

tion

Table 4. Modal contributions to the latent urgency representation.

Evidence Source Symbol Information Type Effect on Belief

Structured signals ng) Physiologic measure- Direct urgency update
ments

Document signals Ed) Clinical notes seman- Contextual interpreta-
tics tion

Observation policy (m) Measurement patterns  Support and uncer-

tainty cues
Fusion gate gi(t) Adaptive weighting Combines modalities

not autonomously order tests to benefit from modeling
informational deficit. It can simply surface patients
whose ranking is highly sensitive to missing or stale ev-
idence [23]. In many cases, that is enough to guide hu-
man review. A patient near the queue boundary with
large 15(?) is exactly the kind of case where targeted
reassessment can improve allocation quality.

Finally, this formulation makes clear why calibra-
tion and confidence should be consumed together. If
p4(t) is well calibrated but ¢;(¢) is absent, then review
allocation conflates high-probability well-supported cases
with high-probability weakly supported ones. If g;(¢)
is available but p;(?) is badly calibrated, then review
value can be mispriced in the upper tail. The queue
needs both to be meaningful. The next section there-
fore turns to how the model should be trained so that
the top of the queue reflects review value rather than
only event discrimination.

5. Loss Design for the Top of the Queue
A service-aware model must be trained for the part of
the score distribution that actually matters. In the
ICU, that part is small. Most patient-time windows
will never be near the review boundary, and many
positives will be repeated adjacent windows from the
same episode [24]. If the loss is dominated by these
abundant but operationally unimportant cases, the re-
sulting worklist can be mathematically good and clini-
cally clumsy. Therefore the loss should be engineered
around three facts: positives are rare, adjacent win-
dows are dependent, and only a small tail of the rank-
ing consumes meaningful attention.

The base loss can still be focal or imbalance-aware

cross-entropy:

Lpase = Z ocy;(t
- Z(l — o) (1= yi(1)pi(t)Y log(1 - pi(?)).
(11)

But this should be thought of as merely establishing
a sensible background geometry for risk. By itself it
does not optimize the thing the unit consumes.

To push review value into the top queue, define a
soft queue weight

1 pz ))YIOgi)i(t)

exp(Bui(t))

w;(t) = >jez(y) exp(Buj(t)) ’

(12)

where 3 controls concentration. Then a queue-enrichment

term is [25]

queue = g E wz

t ieZ(t)

(13)

where vj(t) is a proxy target for true review value.
This target can be assembled from event occurrence,
lead time, current treatment saturation, and perhaps
delayed evidence of whether more information would
have changed the downstream trajectory. The point is
not to claim that v (t) is observed perfectly. The point
is to train the model toward useful queue composition.

Because adjacent windows are redundant, the model
should care more about state changes than about re-
peated persistence. A novelty term n;(t) can be defined
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Table 5. Inputs used to compute expected review value.

Queue Variable Symbol Meaning Influence
Calibrated risk Di(t) Event probability esti- Primary severity signal
mate
Confidence qi(t) Evidence reliability Controls  escalation
strength
Information deficit ri(t) Potential information  Promotes review cases
gain
Actionability weight 9i(t) Lead-time sensitivity Prioritizes actionable
windows

Table 6. Action tiers used in review allocation.

Action Description Typical Trigger
None No intervention Low risk and high con-
fidence
Observe Continue monitoring Moderate uncertainty
Review Chart or clinician re- High review value
view
Escalate Immediate clinical ac- High risk and strong

tion

support

from the change in belief state or newly arrived evi-
dence. Then examples can be reweighted by e + n;(t).
Alternatively, one can penalize queue movement when
novelty is low:

Lorn =3 3 (L mi() fwi() ~wilt-1)[. (1)

t ieZ(t)

This regularizer encourages the top of the queue to
move when new information justifies movement, not
because of small numerical instabilities in the score.

A related issue is that many labels are positive at
different distances from the event, but not all such posi-
tives have equal review value [26]. This can be handled
by defining a lead-time-sensitive target

wlt) = () exp (- 42), (15)
Td
where d;(?) is time to event and T4 controls scale. This
target can weight the queue-enrichment term or super-
vise a separate actionability head. The result is a queue
that prefers not just positive cases, but cases whose po-
sition near the top is likely to matter.

Confidence should be trained as an operational vari-
able, not merely as a side product of the encoder. If
p;(t) is a support-quality proxy derived from evidence
freshness, observation density, agreement across modal-
ities, and support-set familiarity, then

Loont=Y (Qi(t) - Pi(ﬂ)z

it

(16)

encourages the confidence head to track evidence qual-
ity. A second term can encourage calibration stratified
by confidence: [27]

2
1 . 1
Ecalzzwm<|B| 3 b0~ 15 3 yi(t)>,
m "™ (i,)€ B Ml (i) E B
(17)

with bins By, formed jointly over score and confidence.
This prevents the model from becoming sharply dis-
criminative in the top queue while hiding severe prob-
ability distortion under some support regimes.

Observation-policy learning should also appear in
the objective. Let m;(t) be the predicted observation
pattern and my(t) the realized one. Then

Lons ==Y (mi(§) log ing(t) + (1~ my(1)) log(1 — ini(1))
i,
(18)

or an appropriate multivariate extension encourages
the latent state to explain why the record looks the way
it does. This serves as a regularizer against implausi-
ble state representations that fit outcomes but ignore
measurement policy. It also sharpens the model’s un-
derstanding of informational deficit, because one can
compare expected and actual observation patterns.
The full loss then becomes

L= ‘Cbase + }\qﬁqueue + AtLurn
+ )‘f‘cconf + }\Cﬁcal + )‘O‘Cobs + 7\w|0@|03. (19)
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Table 7. Training objectives shaping risk prediction and queue behavior.

Loss Component Symbol Objective Benefit

Base classification Lpase Event prediction Handles imbalance

Queue enrichment Lgueue Improve top ranking Better review lists

Turnover regularizer Liurn Stabilize queue move- Reduces noise shifts
ment

Confidence loss Lconf Align support esti- Reliable uncertainty
mates

Table 8. Counterfactual observation experiments for robustness analysis.

Counterfactual Test

Modification

Measurement thinning

Observation inflation
ments

Note delay
time
Support suppression
nals

Evaluation Goal

Reduce lab frequency  Test confidence re-
sponse

Add extra measure- Detect shortcut learn-
ing

Shift documentation Assess semantic ro-
bustness

Remove selected sig- Measure uncertainty
behavior

The purpose of this construction is not to make the
loss elaborate for its own sake [28]. It is to ensure that
the training objective reflects what the deployed sys-
tem must do: form a stable, confidence-aware, review-
efficient queue under observation bias.

A final point concerns validation. The best model is
not necessarily the one with the best whole-distribution
discrimination. It is the one with the highest utility in
the review queue under realistic capacity, acceptable
turnover, and tolerable calibration error in the high-
confidence top tail. These criteria may prefer a model
that looks slightly worse on a conventional leaderboard.
That is not a weakness of the model. It is a sign that
the evaluation object has finally been aligned with the
operational one.

6. Counterfactual Observation Worlds
A model that treats observation policy as signal should
be tested by changing that policy in thought experi-
ments [29]. Retrospective train-test splits do not re-
veal how strongly the system depends on the current
meaning of missingness, note density, or measurement
timing. If a unit begins measuring more aggressively, if
note-writing becomes sparser, or if the patient’s state
is equally severe but less explicitly documented, will
the queue still behave sensibly? These are not periph-
eral questions. They are the right robustness questions
for a system built around endogenous observation.
Counterfactual evaluation therefore should include
modified observation worlds. One type of test delays
or thins structured measurements while keeping latent
trajectories approximately the same. Another delays
or suppresses note arrivals. Another alters observation

density in ways consistent with policy change rather
than random corruption. Let (’)(ﬂ)(t) denote the ob-

i
served record under a counterfactual observation pol-

icy . Then one can compare [30]

(20)

The key question is not whether the score changes at
all. It should. The key question is whether the score
changes in the right way. If structured support thins
moderately, confidence should usually fall and review
value may rise for information-seeking reasons rather
than collapsing or remaining falsely stable. If note den-
sity changes but structured evidence remains strong,
urgency should not shift wildly.

A particularly informative counterfactual concerns
observation inflation. If a model has learned that dense
measurement implies acuity, then artificially increas-
ing measurement density for stable patients should not
push them into the queue if actual values remain be-
nign. Running this test reveals whether the model is
using observation policy as context or as a shortcut [31].
Conversely, artificially suppressing measurements in
high-risk trajectories should increase uncertainty and
perhaps review value, but should not necessarily erase
urgency if other evidence remains strong.

One can also use counterfactual re-observation to
estimate value-of-information more directly. Suppose
a candidate measurement j is hypothetically refreshed.
The difference in queue utility before and after the hy-
pothetical update approximates the review value of ob-
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Table 9. Operational signals logged during deployment for monitoring.

Deployment Signal Logged Variable

Purpose Monitoring Outcome

Queue placement Rank position

Review activity Review indicator

Observation change Measurement density

Intervention timing Treatment updates

Detect drift

Closed-loop effects

Track prioritization

Measure human
sponse

re-

Identify policy shifts Support recalibration

Outcome
tion

Detect escalation pat-
terns

interpreta-

taining it:

D= -umom]. e
This quantity need not be perfect to be useful. It tells
the system whether the case is near a decision bound-
ary that could be clarified cheaply. In deployment,
even a rough estimate can help distinguish high-risk
cases that need escalation from moderate-risk cases
that need better information first.

Counterfactual tests should also examine queue-level
behavior [32]. Under altered observation policies, does
the top-K queue remain enriched? Does turnover be-
come erratic? Does calibration in high-confidence re-
gions remain acceptable? These questions are more
informative than whole-population accuracy because
the queue is where service capacity is actually spent.

The broader methodological point is that robust-
ness in ICU surveillance should be tested against plau-
sible changes in how evidence is gathered, not only
against noise in the values already present. This fol-
lows directly from the belief that observation policy is
part of the state. A model built on that belief should
be stress-tested accordingly.

7. Deploymentlisa Closed Loop

Once a service-aware deterioration model is deployed,
it stops being a passive estimator. It begins changing
the world that it predicts. High-ranked patients may
receive more chart review, more bedside visits, more
notes, more labs, or earlier intervention [33]. As a re-
sult, future observations no longer arise from the pre-
deployment policy alone. They arise from a mixture
of ordinary care and model-mediated attention. This
means deployment creates a closed loop. If the system
is retrained without accounting for this, it can end up
learning from its own downstream effects as if they
were natural data.

Closed-loop deployment creates three challenges. The
first is interpretive. A patient who received intensive
review because of the model and then did not deterio-
rate may look like a false positive even though the sig-
nal may have been clinically useful. The second is sta-
tistical [34]. Observation density and intervention tim-
ing become conditioned on the model’s own outputs.

The third is operational. If the model changes the sup-
port structure of the very patients it ranks highly, then
its confidence model and calibration map may drift in
nontrivial ways.

The practical response is careful logging. A deployment-

grade system should record not only scores and out-
comes, but also whether a patient entered the review

queue, whether additional measurements followed, whether

note activity changed, and whether escalatory inter-
ventions occurred soon after queue elevation. These
are not optional analytics. They are the minimum
record needed to distinguish model-mediated trajec-
tory changes from ordinary drift.

One should also monitor queue quality over time
[35]. If the same queue size is maintained but the av-
erage confidence within the queue falls, then the unit
may be spending scarce attention on weaker evidence
than before. If queue turnover rises while patient acu-
ity appears stable, the system may be responding to
observation-policy drift rather than to true urgency. If
subgroup composition of the queue changes after a doc-
umentation workflow update, then the model may have
become biased toward certain observation regimes. All
of these are service-level failures even if AUROC on de-
layed labels remains superficially stable.

Adaptation under deployment should therefore pro-
ceed in layers. The safest first move is usually recal-
ibration of the score and confidence map. The next
is adjustment of review thresholds or capacities. Core
retraining of the latent-state model should be more con-
servative, because large changes there can alter queue
semantics in opaque ways [36]. A constrained update
rule is useful:

0}, 1 = arg mein Lrecent (0)

E[|0fo(0) - fo,(0)|02] < e.

This guards against abrupt shifts in worklist behavior
that would otherwise undermine trust and complicate
human adaptation.

A final deployment principle is bounded autonomy.
Because the system allocates attention rather than mak-
ing definitive diagnoses, it should remain transparent
about why a patient is high in the queue and how much
support that placement has. The queue should there-
fore surface urgency, confidence, and perhaps whether

s.t. (22)
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the recommendation is driven mainly by high event
risk or by high informational value. Such distinctions
help users understand whether to escalate, to review,
or simply to obtain more information. In a closed-loop
environment, that transparency is not only good in-
terface design. It is part of maintaining safe human
control over a system that affects what is measured
next [37].

8. Conclusion

The usual framing of ICU deterioration prediction starts
too late. It begins after the record has already been
flattened into inputs and after the observation pro-
cess has been treated as a side issue. A more faithful
starting point is earlier and less convenient: what the
model sees is not the patient alone, but the patient as
filtered through selective attention, selective measure-
ment, selective documentation, and selective interven-
tion. Once that is admitted, the nature of the model-
ing problem changes. The task is not simply to infer
who will deteriorate. It is to infer what is currently
believed about the patient, how strongly that belief is
supported, what remains importantly unknown, and
how scarce review effort should respond.

That change in viewpoint has several consequences.
It means masks and elapsed times are not only tech-
nical accessories but traces of clinical policy [38]. It
means notes are not just semantic vectors but signs
that someone chose to compress and communicate a
trajectory. It means uncertainty should be decom-
posed into support quality and informational deficit
rather than hidden inside a single probability. It means
the model’s most useful output may not be an alarm
at all, but a queue position backed by an estimate of
why more attention is or is not worth spending. And it
means the model must be judged by what it does to the
review queue, not only by what it does to a held-out
label.

A service-aware system built on those principles is
more demanding than a standard classifier. It requires
a latent-state model, an observation-policy model, a
confidence head, a review-value head, and a queue-
facing decision layer. It requires losses that sculpt the
top of the ranking rather than the score field in general.
It requires counterfactual tests that alter measurement
patterns instead of only perturbing values [39]. It re-
quires deployment logging that acknowledges that the
model changes what gets measured after it is intro-
duced. None of these demands are small. But they are
not artificial complexity. They are the complexity that
was already present in the ICU and merely hidden by
the simpler formulation.

There is also a deeper lesson here about clinical
machine learning. In many domains, better prediction
is imagined as the straightforward result of more data
and more expressive models. In the ICU, more data

Nguyen Minh Khoa et al.

do not eliminate the harder issue that the data are
action-conditioned. A forecasting system that ignores
that fact may still recover useful correlations, but it
will forever struggle to distinguish high risk from high
uncertainty, dense observation from dense concern, and
score magnitude from marginal utility of review [40].
A system that models the observation world as part of
the clinical world stands a better chance of handling
these distinctions honestly.

The argument of this paper is therefore not that
one particular architecture is mandatory. It is that
the target of design should be a belief state, not a win-
dow label. A belief state is richer because it carries ur-
gency, support, and informational need simultaneously.
That richness matters because it gives the surveillance
engine somewhere to put the things clinicians actu-
ally care about but ordinary classifiers cannot express
well: whether the evidence is fresh, whether the state
estimate is fragile, whether a patient is already sat-
urated with attention, whether another review could
still change something, and whether the queue is be-
ing spent wisely.

A long-term research agenda follows naturally from
this reframing. One direction is better estimation of
value of information under realistic clinical constraints,
so that review queues can separate high-risk patients
from high-uncertainty patients without conflating them.
Another is explicit modeling of the support process
for notes and structured observations, so that docu-
mentation and missingness can be interpreted less as
crude proxies and more as policy traces [41]. Another is
closed-loop evaluation, where a model is judged partly
by how it changes observation patterns and interven-
tion timing after deployment. Yet another is subgroup
analysis framed in terms of access to scarce attention
rather than only in terms of score calibration. These
are not side questions. They are the questions that be-
come visible only after the problem is named correctly.

If there is a single practical takeaway, it is this:
an ICU deterioration model should not aspire merely
to be a better event detector. It should aspire to be
a better steward of uncertainty under scarce attention.
That is a harder ambition, because it forces the system
to confront missingness, support, intervention, queue
pressure, and feedback all at once. But it is also a more
realistic ambition, and therefore a more useful one [42].
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