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ABSTRACT

Deciding which surgical patients require postoperative intensive care remains a judgment call made with
incomplete information, and legacy scoring systems such as APACHE Il, POSSUM, and the Surgical Apgar
Score were derived from modest cohorts using a small set of fixed-weight variables.

This review examines the growing body of machine learning and deep learning approaches developed to
predict postoperative ICU admission, with particular attention to the harder and more clinically consequential
problem of unplanned rather than planned transfer.

Tree-based ensembles trained on combined preoperative and intraoperative variables consistently
outperform classical logistic regression and legacy risk indices, with disease-specific models in oncologic,
spinal, and cardiac surgery populations showing further gains from tailored feature sets, while deep learning
and multimodal architectures are beginning to integrate time-series and narrative EHR data for real-time
deterioration prediction.

Despite this progress, nearly every model reviewed remains single-center, retrospective, and externally
unvalidated, and calibration, class imbalance, and clinician trust in model interpretability remain unresolved
barriers to routine deployment.

We conclude that prospective, multicenter validation paired with implementation studies measuring the
effect of model-guided triage on actual bed utilization and outcomes is the necessary next step before these
tools can move from promising retrospective analyses to routine perioperative practice.
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bed is one of the more consequential judgment calls in

— — _ perioperative medicine, and it is made, more often
Deciding who needs a postoperative intensive care
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than not, on incomplete information. Surgeons and
anesthesiologists weigh comorbidity burden, the
magnitude of the operation, intraoperative course, and
a gut sense of how a patient tolerated the day, then
book a bed or send the patient to the ward. Get it
wrong in one direction and a fragile patient
decompensates on a general floor without the nursing
ratios or monitoring to catch it early; get it wrong in the
other and a scarce, expensive ICU bed is occupied by
someone who never needed it, at the expense of
someone who does. Traditional risk scores such as
APACHE II, POSSUM, and the Surgical Apgar Score
were built for exactly this kind of stratification, but they
were derived decades ago from modest cohorts, rely
on a handful of hand-picked variables, and were
validated mostly for mortality rather than for the
specific, more immediate question of ICU bed need [1].
Over the past several years, the volume of granular
perioperative data captured in electronic health records
— vital sign trends, laboratory trajectories, free-text
operative notes, intraoperative monitor waveforms —
has made it possible to ask whether machine learning
can do this triage better, earlier, and with less reliance
on a clinician's intuition alone.

This review surveys where that effort currently stands:
the modeling approaches being used to predict
postoperative ICU admission, what the evidence says
about their discriminative performance relative to
legacy risk scores, the practical and ethical obstacles
to putting them into routine use, and where the field still
has real work to do before these tools change how
beds get allocated.

The impetus for machine learning in this space is not
that clinicians do a poor job of risk assessment in
aggregate, but that fixed-weight scoring systems are
blunt instruments. POSSUM and its variants sum a
small set of physiological and operative variables into a
linear score, which is easy to compute at the bedside
but assumes the relationship between each variable
and outcome is the same shape for every patient and
every operation — an assumption that rarely survives
contact with a heterogeneous surgical population. A
comparison of APACHE II, POSSUM, and the Surgical
Apgar Score in patients undergoing emergency
laparotomy illustrates the point well: each score
performs adequately in aggregate but the three
disagree substantially on individual patients, and none
was designed specifically to flag a patient headed for
the ICU rather than one headed for death or a major
complication more broadly [1]. Machine learning
models — gradient-boosted trees, random forests, and
neural networks chief among them — relax the linearity
assumption and can absorb far more input variables
than a bedside score ever could, which is why they
have become the default architecture for groups trying
to build ICU-admission predictors from scratch.
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Early efforts in noncardiac elective surgery
demonstrated the basic feasibility of this approach. A
prediction model built from preoperative and
intraoperative variables to flag patients likely to need
more than 24 hours of ICU care after elective
noncardiac surgery found that ensemble tree-based
algorithms outperformed logistic regression, with the
gap widening as the number of candidate predictors
grew [2,3]. That pattern — modest but consistent gains
for tree ensembles over classical regression, and
larger gains once intraoperative data is added to
preoperative data — recurs across most of the
subsequent literature and is probably the single most
reproducible finding in the field so far.

Planned ICU admissions, arranged before the patient
ever goes to the operating room, are the easier
prediction problem: the decision has effectively
already been made by the surgical team, and a
model's job is mostly to formalize existing practice.
The harder and more clinically useful target is the
unplanned admission — the patient who was slated for
the ward, deteriorated in the recovery room or on the
floor, and needed emergent ICU transfer. A recently
developed model aimed squarely at this problem, built
from a major non-cardiac surgery cohort, incorporated
intraoperative hemodynamic and ventilatory data
alongside preoperative comorbidity variables and
achieved discrimination meaningfully better than
existing preoperative risk indices for predicting
unplanned rather than planned ICU transfer [4,5,6].
The distinction matters practically: a hospital that can
identify, before the patient leaves the operating room,
which "routine" ward-bound patients carry an elevated
risk of unplanned deterioration can intervene — closer
floor monitoring, an intermediate-care bed, or a
proactive rapid-response consult — rather than
reacting after the fact.

Disease-specific models have followed a similar
trajectory. In oncology populations, where baseline
hematologic derangement and treatment-related organ
dysfunction complicate risk assessment, a model
incorporating  routine  hematologic  parameters
alongside clinical characteristics improved prediction
of postoperative ICU need over generic surgical risk
indices, suggesting that population-specific feature
sets add real value beyond a one-size-fits-all model
[7]. Spinal metastasis surgery, a population with
unusually high perioperative complication rates and
limited applicability of standard scoring systems, has
likewise seen an interpretable model developed
specifically for preoperative ICU risk stratification, with
the authors emphasizing feature transparency —
being able to say why the model flagged a given

patient — as central to clinician acceptance [8].
Cardiac surgery, which has always run its own
dedicated  risk-scoring  tradition  (EuroSCORE,
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STS-PROM), has generated a parallel body of
machine learning work aimed at predicting in-hospital
mortality and adverse events in post-cardiotomy ICU
patients, generally reporting modest discrimination
gains over legacy scores once large multi-center
critical-care databases are used for training, alongside
efforts to address the class imbalance inherent to
relatively rare adverse outcomes through targeted
feature engineering and hyperparameter optimization
[9,10,11,12].

An earlier, frequently cited demonstration that machine
learning could outperform standard preoperative risk
indices for the combined endpoint of postsurgical
mortality and ICU admission used a large multicenter
cohort and found that gradient boosting substantially
improved calibration and discrimination over the
American College of Surgeons’ NSQIP calculator,
particularly for the sickest decile of patients —
precisely the group where the cost of misclassification,
in either direction, is highest [13].

Where tree-based ensembles dominate models built
on structured preoperative variables, deep learning
has found its niche in problems that require integrating
heterogeneous, high-dimensional, or sequential data
— exactly the kind of data an ICU or perioperative unit
generates continuously. An interpretable deep learning
framework developed for predicting postoperative
infections in ICU patients combined structured EHR
variables with attention-based architectures to both
predict risk and highlight the clinical features driving
each prediction, addressing one of the persistent
complaints about neural-network-based clinical tools:
that they function as black boxes clinicians are asked
to trust without being shown their reasoning [14,15,16].
A related and more ambitious line of work is
multimodal deterioration prediction, which fuses
time-series vital-sign and laboratory trajectories with
unstructured clinical notes processed through natural
language models, aiming to catch the kind of early
deterioration signal that a nurse's narrative note
sometimes captures well before it shows up in a formal
vital-sign trend [17]. Deep learning models trained on
longitudinal inpatient EHR sequences for broader
clinical outcome prediction — not limited to ICU
admission specifically — have shown that recurrent
and transformer-style architectures can extract useful
temporal signal from the messy, irregularly sampled
data that characterizes real hospital records, a
capability that maps directly onto the problem of
watching a postsurgical patient's trajectory evolve hour
by hour [18].

Emergency department triage systems offer a useful
analogy and a cautionary one. A deep-learning-based
ED triage system built on electronic medical records
demonstrated that model-assisted triage could
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outperform standard acuity scales in retrospective
validation, but the same study underscored how much
model performance depends on the idiosyncrasies of
the training institution's documentation habits and
patient mix — a caution that applies with equal force to
postoperative ICU-admission models, most of which
remain single-center, retrospective, and unvalidated
outside the health system that built them [19].

The gap between a well-performing retrospective
model and a deployed clinical tool remains wide, and a
recent narrative review of ICU admission risk
prediction and artificial intelligence lays out the
recurring obstacles clearly: most models are trained
and validated on a single institution's data, few have
been prospectively tested against actual clinician
decision-making in real time, and fewer still have
demonstrated that acting on model output changes
patient outcomes rather than simply reproducing an
accurate but practically inert prediction [20].
Calibration — whether a model's predicted probability
of 20% actually corresponds to roughly a one-in-five
event rate in the population it is applied to — is
repeatedly reported as worse than discrimination, and
calibration drifts further when a model trained at one
hospital is applied at another with a different case mix,
staffing model, or threshold for calling something an
ICU-level event in the first place. Class imbalance
compounds the problem: unplanned ICU admission
and major postoperative deterioration are, thankfully,
uncommon events relative to the total surgical volume,
and models trained without deliberate attention to this
imbalance tend to either under-flag genuine at-risk
patients or generate enough false positives that
clinicians learn to ignore the alert altogether, an
alarm-fatigue failure mode well documented in other
clinical decision-support contexts.

There is also a harder, less technical problem sitting
underneath all of this: an ICU bed is a scarce resource
governed by staffing, physical capacity, and
institutional politics as much as by clinical need, so
even a perfectly calibrated model cannot by itself solve
a bed-allocation problem that is partly logistical. A
model that correctly identifies twice as many at-risk
patients as current practice is only useful if the hospital
has somewhere to put them, and several of the papers
reviewed here are candid that their tools are meant to
support triage conversations rather than replace the
judgment of the surgical and critical care teams
making the final call [4,8].

The evidence to date supports a fairly specific,
bounded claim: machine learning models, particularly
tree ensembles trained on combined preoperative and
intraoperative data, can outperform legacy risk scores
like APACHE Il and POSSUM at discriminating which
surgical patients will need postoperative ICU-level
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care, and this advantage is most pronounced for the
unplanned admissions that current practice handles
worst. What the evidence does not yet support is
routine clinical deployment. Almost every model
reviewed here was developed and validated
retrospectively at a single center, few have undergone
external validation, fewer still have been tested
prospectively against real-time clinician decisions, and
none has demonstrated in a randomized or
guasi-experimental design that acting on its output
improves patient outcomes or resource utilization
rather than simply producing an accurate number.
Interpretability work — attention-based architectures,
feature-importance reporting — has made real
progress toward addressing clinician distrust of
black-box predictions, and disease-specific models in
oncology, spinal surgery, and cardiac surgery suggest
that tailoring feature sets to a population outperforms
generic one-size-fits-all scores. The next phase of
work that would actually move this field toward the
bedside is prospective, multicenter validation paired
with implementation studies that measure whether
earlier identification of at-risk patients changes triage
decisions, bed utilization, and outcomes — not just
whether the receiver operating curve looks good in a
retrospective cohort.
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