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ABSTRACT
Machine learning has moved from a methodological curiosity to an active area of perioperative research,
offering a way to exploit the dense, high-dimensional data generated in modern surgical care rather than
relying on the handful of variables used by conventional risk scores.

This review surveys the current state of machine learning applications for predicting postoperative
complications, covering general morbidity, mortality, acute kidney injury, and delirium as the four categories
with the most mature published evidence.

Across these categories, models trained on automatically curated electronic health record data, continuous
intraoperative vital sign streams, and even unstructured clinical text have generally outperformed
conventional logistic regression-based scores on measures of discrimination.

The strongest work exploits data that traditional scores cannot use at all, such as intraoperative
hemodynamic waveforms for kidney injury prediction and free-text preoperative documentation for mortality
risk, rather than simply re-fitting familiar preoperative variables with more complex algorithms.

We conclude that external validation across institutions, consistent outcome definitions, and prospective
evidence that model-guided decisions actually reduce complications remain the principal barriers separating
this literature from routine clinical adoption.
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INTRODUCTION
Anesthesiologists and surgeons have used risk scores
for decades to sort patients into rough tiers of surgical
risk, but tools like the ASA physical status classification

or the Revised Cardiac Risk Index were built from a
handful of variables chosen for their availability and
clinical plausibility rather than their predictive power.
The modern perioperative electronic health record
contains vastly more information than any of these

ISSN: 2474-8919 | Vol 3 | Issue 1 | 2023

Postoperative Complications. Anesthesiology. 3(1):01-05.
DOI: 10.17140/2023.vol3.i01.pp01-05

https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0003-1122-1733
https://orcid.org/0000-0001-0609-3218
https://orcid.org/0000-0002-2712-6864
https://doi.org/10.17140/2023.vol3.i01.pp01-05


Anesthesiology | Open Journal

2

scores was designed to use: continuous vital sign
waveforms, laboratory trajectories, medication timing,
free-text notes, and increasingly granular
intraoperative telemetry from anesthesia workstations.
Machine learning offers a way to actually exploit that
density of data, learning nonlinear interactions among
dozens or hundreds of variables instead of forcing a
clinician to hand-pick a short list of predictors. Over the
past several years this has moved from a
methodological curiosity into a genuine area of clinical
research activity, with models now published for
general postoperative morbidity, mortality, acute
kidney injury, and delirium, among other endpoints [1].

This review surveys where that work currently stands.
We are not trying to catalog every published algorithm
— the field is moving too quickly and the individual
models too heterogeneous in cohort, features, and
validation quality for that to be useful. Instead we
describe the major complication categories where
machine learning has been applied, the data sources
and modeling approaches that have proven most
productive, and the recurring methodological problems
that limit how much of this literature is ready for clinical
deployment.

GENERAL POSTOPERATIVE MORBIDITY
PREDICTION

The earliest and still most common target for
perioperative machine learning is a composite
outcome — "any complication," a Clavien-Dindo grade
above some threshold, or a bundle of specific adverse
events — predicted from data available before or
during surgery. Corey and colleagues demonstrated
that models built from automatically curated EHR data,
without manual chart abstraction, could identify
high-risk surgical patients with performance rivaling
models built on painstakingly curated registries, which
mattered practically because it meant risk stratification
could scale beyond the handful of institutions willing to
fund dedicated data abstraction [2]. That basic idea —
that routinely collected data, mined by a sufficiently
capable algorithm, can substitute for expensive manual
curation — has been a recurring theme since.

Digestive and abdominal surgery has attracted
particular attention because postoperative
complications there are common, morbid, and
heterogeneous, which makes them both clinically
important and analytically tractable for models with
many candidate predictors. A recent scoping review
catalogued the growing number of models developed
specifically for digestive surgery and found substantial
variability in outcome definitions, feature sets, and
reporting quality, even as the underlying performance
metrics were often respectable [1]. A parallel
systematic review focused on major abdominal surgery
reached a similar conclusion: artificial intelligence
models frequently outperformed traditional logistic
regression-based scores in discrimination, but few had
been externally validated in populations different from

their derivation cohort, and fewer still had been tested
prospectively against the standard of care [3].
Colorectal surgery specifically has seen enough model
development now to support its own systematic review
and meta-analysis, which found that machine learning
approaches modestly but consistently outperformed
conventional risk models for complications such as
anastomotic leak and surgical site infection, while
cautioning that pooled estimates were limited by
inconsistent outcome definitions across studies [4].

Orthopedic surgery offers a somewhat different
picture, in part because many orthopedic
complications (periprosthetic joint infection, venous
thromboembolism, dislocation) have
well-characterized risk factors that were already
incorporated into earlier scoring systems. A recent
review of AI applications in this space described
models achieving good discrimination for
complications after arthroplasty and spine surgery, but
noted that clinical uptake has lagged model
development — surgeons are understandably
reluctant to change practice based on an algorithm
whose internal logic they cannot inspect, and few of
these tools have been integrated into intraoperative
decision support in a way that changes what actually
happens in the operating room [5].

Oncologic surgery has become a fertile area for
interpretable modeling in particular, since cancer
patients undergoing major operations often carry
enough comorbidity and physiologic derangement that
risk stratification genuinely changes preoperative
counseling and postoperative disposition planning. An
explainable machine learning model developed
specifically for inpatients with cancer undergoing major
operations used SHAP-based feature attribution to let
clinicians see which preoperative variables were
driving an individual patient's risk estimate, addressing
one of the most common objections to black-box
prediction — that a number without an explanation is
of limited use to a surgeon planning an operation or a
patient deciding whether to proceed with one [6].
Complementing purely retrospective validation, a
JAMA Network Open study distinguished itself by
deploying a machine learning algorithm on a mobile
platform and reporting actual performance metrics
from that deployment, illustrating both that this
technology can move from a research dataset into a
usable clinical tool and how much additional validation
work that transition requires [7].

MORTALITY PREDICTION
Postoperative mortality is a comparatively rare event
in elective surgery, which makes it a harder prediction
target statistically even though it is the outcome
clinicians care most about avoiding. Several groups
have nonetheless built models with useful
discrimination for this endpoint by leveraging large
multicenter datasets that provide enough positive
cases to train on. A model developed and validated
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across multiple centers for preoperative prediction of
postoperative mortality showed that performance held
up reasonably well when the model was applied to
populations it had not been trained on, which is one of
the more reassuring findings in this literature given
how often external validation exposes substantial
performance degradation [8]. Similar work restricted to
abdominal surgery specifically found that machine
learning models incorporating routine preoperative
laboratory and vital sign data could stratify mortality
risk with discrimination exceeding conventional scores,
though absolute event rates remained low enough that
calibration — whether predicted probabilities matched
observed frequencies — required careful attention [9].

A methodologically distinctive line of work has
incorporated natural language processing of clinical
notes alongside structured data. A deep neural
network model that combined structured EHR
variables with NLP-derived features from preoperative
documentation found that unstructured text carried
predictive signal not captured in structured fields alone
— a finding with intuitive appeal, since much of what
an anesthesiologist actually assesses during a
preoperative evaluation (functional status, frailty, the
patient's overall clinical gestalt) is recorded in free text
rather than discrete fields [10]. Age-specific modeling
has also emerged as its own subfield, with machine
learning approaches to postoperative mortality in older
adults undergoing emergency surgery showing that
risk factors and their relative importance differ
meaningfully from elective, younger populations,
reinforcing that a single mortality model trained on a
general surgical population may not generalize well to
the subgroups where the stakes are highest [11].

An influential thread of this work has tried to predict
several serious complications from one shared feature
set rather than building separate models for each
outcome. A deep learning model trained to predict
postoperative mortality, acute kidney injury, and
reintubation from a single set of preoperative and
intraoperative variables demonstrated that a common
architecture could achieve good discrimination across
genuinely distinct physiologic endpoints, which is
practically appealing because it means a single model
pipeline embedded in an anesthesia information
system could surface multiple risk estimates
simultaneously rather than requiring separate
infrastructure for each outcome [12].

ACUTE KIDNEY INJURY
Postoperative acute kidney injury has become
something of a proving ground for intraoperative,
waveform-level machine learning, because its
pathophysiology is tightly linked to hemodynamic
events (hypotension, low cardiac output, nephrotoxin
exposure) that unfold on a minute-to-minute timescale
during anesthesia — exactly the kind of continuous,
high-frequency data that static preoperative risk scores
cannot use. A deep-learning algorithm built on

real-time intraoperative vital sign signals from major
non-cardiac surgery demonstrated that models
updating continuously during the case could flag rising
AKI risk before it would be apparent from
postoperative creatinine trends alone, raising the
possibility of genuinely actionable intraoperative alerts
rather than a retrospective risk label [13]. A related
dynamic modeling approach similarly used serial
postoperative data to update AKI risk severity over
time rather than producing a single static prediction at
the end of surgery, an approach that better matches
how kidney injury actually evolves clinically over the
days following an operation [14].

Cardiac surgery, where AKI is both common and
closely tied to specific intraoperative exposures such
as cardiopulmonary bypass time, has generated its
own dedicated modeling literature; a machine learning
model built specifically for AKI after off-pump coronary
artery bypass grafting found that intraoperative
hemodynamic variables added meaningful predictive
value beyond preoperative renal function alone,
consistent with the broader finding across this subfield
that intraoperative data, not just baseline patient
characteristics, is where much of the AKI risk signal
actually resides [15]. Taken alongside the
multi-outcome architecture from Fritz and colleagues,
this body of work suggests that AKI prediction
specifically benefits from continuous intraoperative
monitoring in a way that some other complications,
driven more by fixed preoperative risk factors, may not
[12].

POSTOPERATIVE DELIRIUM
Delirium prediction has arguably produced the most
methodologically mature subset of this literature, partly
because delirium is common enough in older surgical
populations to generate adequately powered datasets
and partly because its diagnosis, while still requiring
clinical assessment, is reasonably standardized
through instruments like the Confusion Assessment
Method. Cardiac surgery populations, where delirium
incidence is particularly high, have been a natural
starting point: a study developing delirium prediction
models specifically in patients undergoing
cardiovascular surgery compared several machine
learning algorithms and found gradient-boosted tree
methods generally outperformed simpler logistic
regression baselines, though the margin of
improvement was modest enough to raise the usual
question of whether the added complexity is worth the
loss of interpretability [16]. Work restricted to
preoperative electronic health record data —
deliberately excluding intraoperative variables —
showed that useful delirium risk stratification is
achievable before a patient ever enters the operating
room, which matters practically because it allows
preoperative counseling and prehabilitation planning
rather than only intraoperative or postoperative
intervention [17].

ISSN: 2474-8919 | Vol 3 | Issue 1 | 2023



Anesthesiology | Open Journal

4

Non-cardiac surgery has followed a similar trajectory,
with a machine learning-based prediction model for
postoperative delirium in that broader population
finding comparable discrimination to what had been
reported in cardiac surgery cohorts, suggesting the
underlying preoperative risk factors — age, cognitive
impairment, frailty, polypharmacy — generalize
reasonably well across surgical specialties even
though the absolute incidence of delirium varies
considerably between them [18]. A subsequent
comparative study evaluating multiple machine
learning approaches head-to-head for delirium after
non-cardiac surgery reinforced that finding while
highlighting meaningful variability in performance
depending on which specific algorithm and feature set
was used, a reminder that "machine learning" is not a
single method but a family of quite different modeling
choices that do not all perform equally on the same
problem [19]. Most recently, an updated prediction
model incorporated a broader set of geriatric and
functional variables that earlier models had often
omitted, reflecting the field's gradual recognition that
delirium risk is driven as much by baseline cognitive
and functional reserve as by the surgical insult itself
[20]. A systematic review and meta-analysis pooling
this now-substantial body of delirium prediction studies
concluded that machine learning models offer a real, if
incremental, improvement over conventional delirium
risk tools, while flagging the same external validation
gaps seen throughout this literature more broadly [21].

METHODOLOGICAL LIMITATIONS AND
BARRIERS TO CLINICAL ADOPTION

Several problems recur across essentially every
complication category surveyed above, and they are
worth naming explicitly because they explain why so
few of these models have moved beyond publication
into routine clinical use. First, external validation
remains the exception rather than the rule. A model
that discriminates well in the institution where it was
trained frequently performs worse, sometimes
substantially so, when applied to a different hospital's
patient mix, documentation practices, and baseline
complication rates — the multicenter mortality
validation work is notable precisely because it is
uncommon for this literature to test that question at all
[8]. Second, outcome definitions are inconsistent
enough across studies that pooling results, as the
colorectal and delirium meta-analyses both had to do,
requires accepting real heterogeneity in what
"complication" actually meant from one dataset to the
next [4,21]. Third, interpretability remains a genuine
barrier rather than a purely academic concern;
clinicians are reasonably hesitant to act on a risk score
they cannot interrogate, which is exactly the gap that
explainable modeling approaches using techniques
like SHAP attribution are trying to close, with only
partial success so far [6].

A further limitation, less often discussed, is that most of

these models have been validated against
retrospective outcomes rather than tested in a way
that changes clinical decisions and then measures
whether that change improved outcomes. The JAMA
Network Open mobile deployment is one of the few
examples in this literature that moved a model into an
actual point-of-care tool and reported on its use there,
and even that study measured performance rather
than a downstream change in complication rates
attributable to the tool's use [7]. Orthopedic AI
applications show the same pattern — models with
respectable retrospective discrimination that have not
yet been shown to change surgical decision-making in
a way that measurably reduces complications [5]. Until
more of this literature closes that gap between
predicting an outcome and demonstrably improving it,
machine learning risk models will remain, for most
complications, a promising research tool rather than a
standard part of perioperative care.

CONCLUSION
Machine learning has demonstrably improved the
technical performance of postoperative complication
prediction across general morbidity, mortality, acute
kidney injury, and delirium, generally outperforming
conventional logistic regression-based risk scores on
measures of discrimination when tested on held-out
data from the same population that generated the
training set. The strongest and most clinically
promising work has come from applications that
exploit data conventional scores cannot use at all —
continuous intraoperative vital sign streams for kidney
injury, free-text clinical documentation for mortality
risk, and broad automatically curated EHR feature sets
for general morbidity — rather than simply re-fitting a
familiar list of preoperative variables with a fancier
algorithm. What the field still lacks, almost uniformly, is
external validation across institutions, consistent
outcome definitions that would allow honest
comparison between models, and prospective
evidence that deploying these tools actually changes
clinical decisions in a way that reduces complications
rather than merely predicting them more accurately
after the fact. Closing that gap, more than developing
yet another algorithm with marginally better
discrimination on a single-center retrospective cohort,
is what will determine whether machine learning
becomes a routine part of perioperative risk
assessment or remains a large and still-growing
research literature that clinicians read about more
often than they actually use.
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