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Abstract
Anastomotic leak prediction sits at an unusual intersection of surgical risk modeling, postoperative surveillance, and institutional
decision making. Background conditions in this domain make the fairness question especially difficult. Anastomotic leak is infre-
quent, variably defined, often detected late, and documented through workflows that differ across hospitals and patient populations.
These features mean that a model can seem technically competent while still allocating reassurance, scrutiny, and clinical attention
unevenly. In this setting, fairness cannot be reduced to whether a classifier uses protected variables or whether one summary metric
differs across subgroups. It is shaped earlier, at the moment when the outcome is defined, the cohort is assembled, and the bench-
mark is declared adequate for translation. This paper develops an account of fairness in anastomotic leak prediction by treating it
as an epistemic property of the full research pipeline. The central claim is that fairness in this area depends on how knowledge is
produced as much as on how predictions are computed. Outcome construction, data provenance, missingness, surveillance intensity,
external validation strategy, workflow design, alert burden, and override behavior all influence whether a model distributes benefit
and error in a clinically acceptable way. The discussion therefore shifts attention away from narrow metric debates toward bench-
mark governance, institutional heterogeneity, implementation accountability, and reproducible audit design. Rather than assuming
that fairness can be certified by a single statistical test, the paper argues that equitable leak prediction requires a layered evidentiary
standard. Under that standard, a model is considered fair only when its target is clinically coherent, its labels are defensible, its
subgroup behavior is visible, its deployment pathway is specified, and its claims remain stable when moved beyond the setting in
which it was first developed.

1. Introduction
Anastomotic leak remains one of the most consequential
complications in gastrointestinal surgery because it com-
bines low incidence with high clinical cost and substantial
downstream uncertainty [1]. The event is not merely a bi-
nary postoperative endpoint. It is an evolving clinical pro-
cess shaped by tissue perfusion, operative technique, in-
flammatory response, rescue timing, diagnostic attention,
and the institutional capacity to recognize deterioration
before collapse. That complexity has made AL predic-
tion a compelling target for machine learning and clini-
cal risk modeling. If high-risk patients could be identified
early enough, clinicians might intensify monitoring, re-
visit diversion strategy, adjust discharge thresholds, or al-

locate specialist review more effectively. Yet the promise
of prediction is inseparable from the question of who ben-
efits from that prediction and under what evidentiary con-
ditions the model is permitted to influence care.

Fairness in AL prediction is often introduced as if
it were a specialized extension of standard algorithmic
ethics. That framing is too narrow. In many areas of pre-
diction, fairness debates begin once a reasonably stable
target variable already exists. In AL modeling, by con-
trast, the target itself is unstable. One dataset may define
leak through diagnosis codes, another through reoperation,
another through chart review, another through a mixture
of drainage procedures, antibiotic exposure, imaging, and
narrative adjudication. One hospital may detect subtle
leaks through aggressive early imaging, whereas another
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Figure 1: Epistemic fairness can be represented as a pipeline property rather than a late-stage model property. The figure separates
the main translational path from five recurring failure points: outcome visibility bias, exclusion through missingness, institution-specific
overfitting, threshold asymmetry in subgroup evaluation, and operationally uneven downstream attention.
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Figure 2: Outcome construction is shown as a progressive visibility chain rather than a direct readout of pathophysiology. The target
becomes increasingly mediated by suspicion, tests, review, and coding, so label quality depends on how the clinical system recognizes
and records events. Fairness problems emerge when recognition pathways differ systematically across patients, units, or institutions.

may recognize the same physiology only when sepsis or
overt dehiscence forces intervention. A patient discharged
rapidly after an apparently uncomplicated recovery may
have a leak diagnosed elsewhere, while a patient kept in
a high-acuity environment generates a denser trail of lab-
oratory values, imaging, and clinical observations that
increase the odds of recognition. The fairness question
therefore does not begin with model training. It begins
with the production of the label.

This immediately distinguishes AL prediction from
many benchmark-driven machine learning tasks. The ob-
ject being predicted is not observed uniformly, and the
path to observation is itself conditioned by clinical work-
flow. A model can therefore learn at least three things
at once: genuine physiologic vulnerability, institutional
habits of surveillance, and the pathways through which
some patients become more legible to the record than oth-
ers. Those three forms of signal are not easily separable in
retrospective structured data, and yet they have radically
different fairness implications. A model that primarily

learns physiologic vulnerability may support equitable in-
tervention. A model that primarily learns which patients
receive dense observation may reproduce inequity while
appearing accurate [2]. A model that learns rescue path-
ways may perform well only inside the local clinical cul-
ture that generated its training data.

The difficulty is intensified by the practical uses to
which AL models are proposed. Some models are imag-
ined as preoperative stratifiers that inform counseling or
optimization. Others are positioned intraoperatively to in-
fluence diversion or perfusion-related decisions. Many
are effectively postoperative surveillance systems built
from the first several hours or the first day of structured
data. Each use case implies a different fairness problem.
Preoperative prediction affects who receives preventive
resources before the anastomosis exists. Postoperative
prediction affects who receives intensified scrutiny after
the surgical insult has already occurred. Intraoperative
prediction affects action under time pressure, often in en-
vironments where the boundaries between human judg-
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Figure 3: Benchmark governance for leak prediction should be anchored in multi-center aggregation but constrained by explicit
metadata. The benchmark core is only trustworthy when outcome rules, data provenance, and temporal composition are documented
alongside performance. The lower node highlights semantic drift, where variables retain the same name across sites but change
meaning because workflow, surveillance, or documentation culture differs.
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Figure 4: Operational fairness depends on how a score is converted into work. Alert logic can redistribute clinical attention by
triggering review, testing, and prolonged observation, but that same pathway can also impose concentrated burden on specific teams
or settings. A numerically acceptable score may still produce inequity if its workflow consequences are unevenly absorbable across
units, staffing structures, or patient groups.

ment and algorithmic suggestion are most delicate. The
same numerical score may therefore carry very different
fairness implications depending on when it appears and
what it is expected to trigger.

A further obstacle comes from the social structure
of surgical data. Electronic health records are often dis-
cussed as if they were passive archives of patient state. In
reality they are records of work. Their content depends on
staffing, order sets, bed availability, surgeon preference,
unit culture, documentation norms, and reimbursement
logic. Missingness is rarely random in a clinically mean-
ingful sense. A postoperative lactate may be absent be-
cause no one was worried enough to order it, or because
the patient was discharged, or because the local pathway
does not include it routinely, or because documentation
was fragmented across systems. A ward patient and an
ICU patient do not merely produce different values; they

produce different possibilities for being known. In rare-
event prediction that difference matters enormously. The
denominator of patients with sufficiently rich data may
already reflect a selective filtering process before any clas-
sifier is fit.

This paper approaches fairness in AL prediction by
changing the level at which the problem is posed. Instead
of asking which fairness metric should be optimized after
a model is trained, it asks what kind of research pipeline
is capable of generating fair knowledge in the first place
[3]. That shift leads to a more demanding but also more
clinically realistic perspective. Fairness becomes an epis-
temic property of the full modeling enterprise. It depends
on whether the outcome definition corresponds to a co-
herent clinical phenomenon, whether subgroup variation
is visible rather than averaged away, whether data prove-
nance is transparent, whether external transport is taken se-
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Figure 5: A reproducible audit for leak prediction should integrate classic model checks with benchmark-sensitive warnings. Calibration,
false-negative asymmetry, and transport behavior form the positive evidentiary surface, while omitted groups, weak labels, and drift
identify conditions under which fairness claims become fragile. Public reporting then becomes the mechanism that stabilizes these
findings into accountable evidence rather than one-off internal evaluation.

Table 1: Key sources of fairness challenges in anastomotic leak prediction

Component Issue Fairness Implication
Outcome definition Variable clinical criteria Unequal event visibility
Data collection Heterogeneous workflows Biased representation
Missingness Non-random absence Skewed learning signal
Institutional practice ������ surveillance intensity Differential detection rates

riously, whether implementation pathways are articulated,
and whether post-deployment behavior is audited as part
of the model rather than treated as external noise.

Such a perspective does not deny the value of con-
ventional fairness metrics. Groupwise calibration, false
negative asymmetry, thresholded recall, and related mea-
sures remain important. What it denies is their suffi-
ciency. In AL prediction, a model can satisfy some fa-
miliar fairness criterion and still be unsuitable because
the labels are unstable, the evaluation cohort excludes un-
derdocumented patients, the benchmark privileges a sin-
gle tertiary-care workflow, or the deployment plan chan-
nels additional attention toward populations already well
served while leaving others with delayed recognition. The
fairness of a leak predictor is therefore inseparable from
the fairness of the benchmark and from the fairness of the
workflow into which it will be inserted.

The sections that follow take up this broader view in
a systematic way. The first body section argues that fair-
ness in AL modeling is fundamentally an evidence prob-
lem, not only a classification problem. The next examines
outcome definition and label construction as sites where

inequity can be formalized and reproduced. The paper
then turns to benchmark governance, institutional hetero-
geneity, and data provenance, emphasizing that a fairness
claim tied to one center and one documentation culture re-
mains weak. After that, the discussion shifts to clinical
interface design, hidden redistribution of labor and alert
burden, and the difference between a score that is numeri-
cally fair and a deployment that is operationally fair. The
penultimate body sections develop a framework for repro-
ducible auditing and for a forward research agenda orga-
nized around publicly defensible benchmarks, prospective
implementation studies, and clinically accountable report-
ing. The conclusion returns to a simple but demanding
proposition: equitable AL prediction is not achieved by
tuning a model in isolation. It is achieved by construct-
ing a research and deployment pathway in which what is
counted, what is predicted, what is acted upon, and what
is reviewed all remain open to technical scrutiny.
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Figure 6: The layered evidentiary standard can be summarized as four positive conditions feeding an accountable deployment claim:
the target must be clinically coherent, subgroup behavior must be inspectable, external stability must be demonstrated, and workflow
integration must be declared in advance. Three common shortcuts are shown below as disqualifying counterexamples: relying only
on post hoc metrics, treating one institution as sufficient proof, and deploying through an opaque operational pathway.

Table 2: Types of signals learned by predictive models

Signal Type Description Risk
Physiologic True biological risk Desired signal
Observational Monitoring intensity Encodes inequity
Workflow Institutional processes Poor generalization
Rescue pathways Intervention patterns Context dependence

2. Fairness as an Evidence
Problem in Surgical Prediction
The usual grammar of fairness in machine learning as-
sumes that the main epistemic work has already been done.
A dataset exists, labels are treated as acceptable approxi-
mations of the underlying phenomenon, and the fairness
task is to ensure that model behavior does not vary un-
justifiably across groups. In AL prediction, that sequence
is reversed. Before one can even ask whether a model be-
haves fairly, one must ask whether the evidence supporting
the task is itself fair in how it makes the complication vis-
ible. This is why the fairness problem here is inseparable
from study design [4]. The issue is not only whether a
trained algorithm equalizes some error rate, but whether
the research pipeline has decided, often implicitly, whose
leaks count, whose records are legible enough to model,
and which institutional realities are allowed to stand in for
clinical truth.

This matters because leakage between knowledge
production and fairness assessment is pervasive in sur-
gical modeling. Retrospective datasets frequently arrive
already filtered by operational constraints. A study co-
hort may exclude cases without complete laboratory win-
dows, omit transfers lacking clean follow-up, or rely on
coding schemes that perform differently in elective and

emergent pathways. Each of those decisions shapes the
population about whom the model can speak. When such
exclusions are described merely as preprocessing, the fair-
ness implications are hidden under technical routine. Yet
preprocessing choices in AL studies are often tantamount
to eligibility judgments about whose postoperative course
is coherent enough to enter the benchmark. A benchmark
that systematically favors richly documented tertiary-care
patients while underrepresenting fragmented or lower-
resource care trajectories can still produce excellent in-
ternal performance and still fail the populations that most
need equitable surveillance.

The central technical point is that fairness cannot be
appended to a benchmark whose representational struc-
ture is already distorted. If the data-generating process
privileges certain hospitals, certain care units, certain pro-
cedure types, or certain documentation habits, then group-
wise performance estimates computed downstream will in-
herit that distortion. Even sophisticated audit dashboards
may simply quantify disparities within a population that
has already been selectively rendered visible. In this sense,
fairness analysis that begins only after cohort assembly is
a late-stage intervention. It may diagnose some problems,
but it cannot recover the fairness properties of a study de-
sign that made unequal visibility foundational.
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Table 3: Outcome construction strategies and limitations

Method Strength Limitation
Diagnosis codes Easy extraction Documentation bias
Reoperation-based High specificity Misses mild cases
Chart review Clinical richness Resource intensive
Composite labels Higher capture Hides heterogeneity

Table 4: Benchmark design considerations

Aspect Requirement Risk if ignored
Data provenance Transparent sourcing Misinterpretation
Institution diversity Multi-center inclusion Poor transportability
Temporal coverage Period stratification Hidden drift
Cohort definition Explicit exclusions Selection bias

The evidence problem becomes sharper when one
considers the distinction between event occurrence and
event recognition. AL is not measured the same way that
body temperature or serum sodium is measured. It is in-
ferred. Recognition may depend on imaging, operative
exploration, drainage, inflammatory progression, or clini-
cian suspicion. These pathways are themselves influenced
by local practice and by the social distribution of clinical
attention. A model trained to predict recognized leak is
therefore trained on an endpoint that partially reflects how
the institution watches. If an institution watches some pa-
tients more intensely than others, the observed event land-
scape is already patterned by differential scrutiny. The
fairness question then becomes double [5]. One must ask
whether the model reproduces unfairness in the observed
labels and whether the labels themselves are unfair approx-
imations of the clinical phenomenon of interest.

This is where AL prediction departs from a simplis-
tic meritocratic story of data abundance. More data do not
automatically produce fairer models. If data accumulation
intensifies around patients who are already monitored ag-
gressively, the model may become more certain precisely
where the institution is already attentive and less informa-
tive where surveillance is sparse. Greater data volume un-
der unequal observation can sharpen rather than solve in-
equity. A fairness-aware evidence framework must there-
fore be sensitive not only to sample size and class balance
but also to observational density, to the conditions under
which postoperative information becomes available, and
to the gap between latent complication and recorded end-
point.

An instructive implication follows. In AL research,
the fairness status of a model cannot be read directly from
whether sensitive variables are included. Excluding race,
sex, age, insurance category, or hospital identity does

not neutralize inequity when the outcome label, missing-
ness pattern, and feature space continue to encode dif-
ferential observation. Procedure type, postoperative bed
location, measurement frequency, timing of laboratory
collection, and reintervention history can all function as
carriers of structured disparity. The evidentiary pipeline
therefore needs a richer taxonomy than sensitive versus
non-sensitive variables. It needs to distinguish variables
that summarize biologically relevant surgical state, vari-
ables that mainly describe institutional workflow, and vari-
ables whose meaning shifts depending on the context in
which they are measured. Without that taxonomy, fair-
ness debates become trapped in the superficial question
of whether demographic attributes appear in the design
matrix.

An evidence-centered perspective also changes how
one thinks about generalizability. External validation is
often described as a robustness requirement. In the fair-
ness context it is more than that. It is a test of whether the
model’s knowledge claims survive movement across insti-
tutions where the pattern of legibility changes. A score
that performs similarly in multiple centers with different
staffing structures, different coding conventions, different
patient populations, and different postoperative pathways
provides stronger evidence that it is learning something
closer to clinically stable signal. A score that collapses
outside its home institution may not simply be overfit in
an abstract statistical sense. It may be overfit to a local
regime of observation whose fairness properties cannot be
presumed transferable.

The same logic applies to subgroup analysis [6].
There is a tendency in clinical machine learning to re-
gard subgroup reporting as an optional refinement once
an overall signal has been established. In AL prediction
this attitude is particularly risky because aggregate perfor-
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Table 5: Subgroup evaluation dimensions

Dimension Example Purpose
Demographic Age, sex Equity check
Clinical Procedure type Context sensitivity
Institutional Hospital type Transport analysis
Pathway ICU vs ward Workflow effects

Table 6: Deployment-related fairness factors

Factor Description Impact
Alert burden False positives workload Resource strain
Interface design Score presentation Interpretation bias
Override behavior Clinician response Uneven adoption
Capacity limits Resource availability Inequitable action

mance can conceal systematic underperformance in pre-
cisely the populations whose event recognition is already
less consistent. A recent proof-of-concept paper made this
absence visible by noting that existing AL models have not
been examined for subgroup bias and by arguing that ex-
plicit bias analysis, chart-validated outcomes, and diverse
multi-center validation are necessary elements of the next
stage of research, an observation that places fairness at the
level of evidentiary architecture rather than as a cosmetic
add-on to model reporting Sadanandan (2024) [7].

Once fairness is understood as an evidence problem,
several consequences follow. First, internal validation is
ethically thin even when technically polished, because it
cannot tell whether a model’s fairness profile depends on
local habits of surveillance and documentation. Second,
outcome definition becomes a fairness decision rather than
a neutral preprocessing step, because it governs whose
complications become visible to the model. Third, miss-
ingness is not merely a statistical inconvenience; it is part
of the institutional structure of knowability. Fourth, de-
ployment cannot be separated from validation, because a
model introduced into workflow changes how future ev-
idence will be produced. Finally, fairness is no longer
something a model possesses independently. It becomes
a property of the relationship among data collection, label
construction, model design, and clinical action.

This reframing is technically useful because it clar-
ifies why conventional fairness debates often seem unsat-
isfying in the surgical setting. They are addressing a later
slice of the problem than the one that determines whether
the benchmark is informative. It is entirely possible to
have a carefully calibrated, threshold-optimized classifier
on top of an endpoint that poorly represents latent leak
across settings and groups. In that case the model may
be fair relative to the benchmark and unfair relative to the

clinic. The task for AL research, then, is not simply to de-
sign a fair learner. It is to build a benchmark ecology in
which fairness claims are worth making at all.

3. Outcome Definition, Label
Construction, and the Politics of
Clinical Visibility
Few elements of an AL study are more technically con-
sequential and less conceptually neutral than the outcome
definition. Researchers often speak of leak as if it were
a naturally given endpoint, but in practice it is assembled.
Coding rules, procedure logs, radiology reports, narrative
adjudication, antibiotic exposure, drainage patterns, and
reoperation decisions may each enter the label. The re-
sulting endpoint is not merely a reflection of tissue failure.
It is a negotiated artifact that compresses pathophysiology,
institutional practice, and clinical interpretation into a bi-
nary indicator [8]. Because fairness depends on what the
model is asked to predict, outcome construction is one of
the primary sites at which inequity can be introduced, sta-
bilized, or obscured.

The first difficulty is heterogeneity of clinical mean-
ing. Some leaks are radiographically subtle, some produce
fulminant sepsis, some are managed conservatively, and
some are recognized only when a patient deteriorates dra-
matically. A label derived from reoperation privileges se-
vere or intervention-requiring cases and may miss smaller
events treated non-operatively. A label derived from di-
agnosis codes may capture institutional billing and docu-
mentation habits more than bedside phenomenology. A
chart-reviewed endpoint may be clinically richer but still
dependent on the adjudicator’s interpretation of incom-
plete records. When studies compare model performance
across such differently assembled labels, they often act
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Table 7: Validation components for fair assessment

Component Method Importance
Calibration Groupwise curves Reliable risk estimates
Discrimination AUC, sensitivity Ranking ability
External validation Multi-site testing Generalizability
Threshold analysis Workload estimation Practical fairness

Table 8: Label design levels

Level Focus Limitation
Operational Extractability Low clinical meaning
Clinical Phenotype accuracy Ignores inequity
Equity-aware Cross-group validity Higher complexity

as though the underlying target were identical. It is not.
The fairness implications of each label can differ sharply
because the criteria for recognition are differentially sen-
sitive to surveillance, procedure type, and group-specific
clinical pathways.

This instability matters because fairness is frequently
discussed in relation to error rates. Yet the concept of er-
ror presupposes a defensible truth standard. If a leak label
is more sensitive in one subgroup because that subgroup
undergoes more imaging or stays longer in monitored set-
tings, then a model judged against that label may appear
more accurate for reasons unrelated to physiologic dis-
crimination. A high-performing model in this context
may simply be excellent at forecasting which patients are
likely to pass through institutionally favored diagnostic
pathways. That is not useless information, but it should
not be conflated with equitable clinical prediction.

There is a deeper epistemic issue here. Labels do
not merely summarize events; they discipline the research
imagination by telling the field what counts as the com-
plication worth predicting. If the dominant AL bench-
mark defines leak through hospital-recognized postoper-
ative events within a constrained window, then late, trans-
ferred, or externally recognized complications are pushed
outside the target. This move may simplify modeling, but
it also narrows the ethical horizon of the work. The model
becomes a predictor of leaks that fit institutional capture
rather than a predictor of the broader clinical risk of anasto-
motic failure. The populations most vulnerable to incom-
plete follow-up, fragmented care, or delayed recognition
are then disadvantaged twice: first in the clinic and again
in the research evidence meant to improve the clinic.

A fairness-aware approach to label construction there-
fore needs to distinguish at least three levels of endpoint
design [9]. The first is operational convenience, where
labels are chosen because they are extractable from struc-

tured fields. The second is clinical coherence, where la-
bels correspond to an interpretable event phenotype. The
third is equity sensitivity, where label design is examined
for how it performs across settings and patient groups with
different patterns of observation. Conventional model de-
velopment tends to stop at the second level when it reaches
it at all. AL prediction requires the third. A label can be
clinically coherent in aggregate and still inequitable in
how it becomes observable across subpopulations.

Chart review is often proposed as the solution. It im-
proves specificity of interpretation and can recover events
that structured codes miss. Yet chart review is not an auto-
matic fairness repair. Its effectiveness depends on whose
records are complete enough to adjudicate, whether re-
viewers have access to outside-hospital follow-up, how
equivocal cases are resolved, and whether adjudicators ap-
ply the same thresholds across procedure types and insti-
tutions. Chart review is best understood as a more explicit
and inspectable form of label construction, not as a guar-
antee of fairness. Its contribution is that it exposes the
inferential process rather than hiding it in administrative
abstraction. That visibility is valuable because it allows
disagreement, audit, and refinement.

Another important design choice concerns temporal
framing. AL prediction studies often define the outcome
within a fixed postoperative horizon, but the fairness im-
plications of horizon choice are seldom explored. A short
in-hospital window favors early-recognized complications
and may undercount events emerging after discharge. A
longer horizon improves capture but increases dependence
on follow-up infrastructure and cross-system linkage. In
hospitals or populations where post-discharge contact is
fragmented, long-horizon outcome ascertainment may
itself become uneven. Horizon choice is therefore not
merely clinical. It governs which care pathways the label
can see and which patients fall out of view.
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Table 9: Research priorities for equitable prediction

Priority Goal Expected Benefit
Prospective benchmarks Better labels Reduced bias
Multi-center studies Diverse data Fair generalization
Workflow integration Defined actions Practical equity
Audit standards Reproducibility Trustworthy results

Table 10: Summary of fairness as an epistemic property :contentReference[oaicite:0]index=0

Layer Question Evaluation Need
Data Who is represented? Cohort audit
Label What counts as leak? Outcome validation
Model How predictions behave? Subgroup metrics
Deployment What actions follow? Workflow analysis

The problem becomes even more complex when
prediction is intended for different moments in the clin-
ical workflow [10]. A preoperative model that uses a
postoperative-defined leak label may be judged against
an event partly shaped by rescue actions that occur after
surgery. A postoperative surveillance model using the
first twenty-four hours of data may predict whether a leak
will become visible under current monitoring intensity,
not whether a latent dehiscence process is already under-
way. These distinctions affect fairness because groups
may differ not only in intrinsic vulnerability but also in
access to the forms of rescue and scrutiny that transform
latent pathology into recorded outcome. If the research
target blurs these layers, fairness analysis will likewise
blur them.

A technical discipline of label documentation is
therefore essential. Every AL benchmark should specify
what clinical state the label is intended to represent, what
sources contribute to its ascertainment, what time window
is used, how equivocal cases are handled, which events
outside the primary institution are captured, and where
missing follow-up is likely to be concentrated. With-
out such documentation, fairness claims remain under-
described because the relationship between group mem-
bership and label visibility cannot be evaluated. Transpar-
ent label documentation is not a matter of stylistic thor-
oughness. It is an analytic requirement for understand-
ing whether model disparities arise from prediction, from
endpoint construction, or from the interaction between the
two.

One should also resist the temptation to resolve la-
bel heterogeneity by collapsing multiple definitions into
a single composite endpoint without examining how each
component behaves across groups. Composite labels can
improve apparent event capture while hiding clinically rel-

evant variation in recognition pathways. A patient counted
through reoperation is not equivalent, from an equity per-
spective, to a patient counted through a late diagnosis code
or a drainage procedure. These reflect different thresh-
olds of severity, different levels of access to imaging or
intervention, and different institutional scripts for what
becomes documented. A fairness-oriented benchmark
should preserve, not erase, as much of this pathway infor-
mation as feasible. Multi-label or tiered outcome design
may be more technically demanding, but it preserves dis-
tinctions that are essential for evaluating how the model
interacts with the real care process.

This has consequences for how model performance
should be interpreted. A predictor that excels at identify-
ing severe intervention-requiring leaks may be clinically
valuable even if it underperforms on subtler presentations,
but its fairness profile cannot be inferred from overall dis-
crimination alone. It may preferentially benefit groups
whose complications are already likely to escalate visi-
bly. Conversely, a model that captures early inflamma-
tory signatures may improve surveillance equity if paired
with appropriate action pathways, even if its overall preci-
sion is modest. The key is that fairness depends not only
on whether the score matches the assembled label, but on
whether the assembled label corresponds to a clinically
and institutionally defensible understanding of whom the
system is designed to protect.

The politics of clinical visibility are therefore embed-
ded in the technical life of AL prediction [11]. Labels de-
cide which events exist for the model, which absences are
treated as non-events, and which forms of delayed recog-
nition are excluded from the benchmarked world. A field
that wishes to build fair leak prediction systems has to face
this directly. The work begins not with a fairness penalty
during training, but with a disciplined account of what the
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outcome means, how it is known, and whose postoperative
reality it excludes when it is rendered into a dataset.

4. Benchmark Governance, Data
Provenance, and Institutional
Heterogeneity
Once the outcome has been specified, the next fairness
challenge concerns the benchmark itself. Benchmarks are
often treated as neutral substrates on which models com-
pete, but in clinical prediction they are governance instru-
ments. They establish what kinds of evidence count as
sufficient, what forms of generalization matter, and what
kinds of failure remain invisible. In AL prediction, bench-
mark governance is especially important because the field
has been built largely on single-center or otherwise narrow
datasets, each carrying its own institutional logic of care,
documentation, and postoperative escalation. A fairness
claim issued inside one such benchmark is not meaning-
less, but it is fragile. It says at most that the model behaves
in a certain way within one ecology of practice.

Data provenance is the first component of this gov-
ernance problem. Provenance refers not only to where the
data came from but to how they moved through extraction,
curation, preprocessing, exclusion, harmonization, and
temporal framing before they became a modeling cohort.
Provenance determines whether a variable is interpretable,
whether missingness is meaningful, and whether subgroup
comparisons have common semantic ground. In many AL
studies, provenance details are summarized only briefly,
often because retrospective extraction from EHR systems
is messy. Yet fairness depends on this mess. A postoper-
ative white blood cell count drawn under one laboratory
schedule does not mean exactly the same thing as a white
blood cell count drawn under another schedule. ICU ad-
mission can indicate severity in one institution, pathway
routine in another, bed scarcity in a third, and documen-
tation artifact in a fourth. A variable lacking provenance
can still be predictive, but it is difficult to know whether
its predictive power is clinically stable or institutionally
local.

This problem becomes acute when benchmark datasets
are celebrated for scale without equal attention to their
clinical geography. Large tertiary centers are attractive
because they produce rich structured records and enough
rare events for machine learning. But they are also distinc-
tive environments. They may concentrate critically ill pa-
tients, support more intensive surveillance, and generate
denser postoperative traces than community hospitals or
safety-net settings [12]. A model trained in such data can

inherit a highly specific view of what postoperative legibil-
ity looks like. When fairness is assessed only within that
environment, the benchmark may mistake local represen-
tational abundance for universal clinical adequacy. This
is why scale alone is not a fairness credential. Diversity
of institutional environments matters at least as much as
sample size.

Benchmark governance should therefore require ex-
plicit characterization of the environments represented in
the training and evaluation data. This includes hospital
type, surgical volume, care-unit structure, baseline surveil-
lance intensity, discharge pathways, coding conventions,
and patient population differences that are clinically rele-
vant for AL risk. Such information is rarely integrated into
modeling tables with the seriousness it deserves. Yet with-
out it, external validation has a tendency to become a ritual
rather than a test. A model moved from one tertiary aca-
demic center to another may technically cross institutional
boundaries while still remaining inside a narrow band of
documentation cultures. Fairness under deployment de-
mands a more ambitious notion of heterogeneity, one that
includes variation in resource constraints and in the social
organization of postoperative care.

The benchmark question also includes what kinds
of patients are missing altogether. Community-hospital
cases, lower-acuity pathways, fragmented follow-up, and
care episodes with sparse structured documentation are of-
ten underrepresented or excluded. The resulting bench-
mark can then privilege a style of patient who is institution-
ally legible, continuously monitored, and densely coded.
When subgroup fairness is later reported, it is reported
within that already filtered universe. The field may then
congratulate itself on equity among the patients most visi-
ble to the data infrastructure while remaining silent about
those rendered peripheral by the benchmark design. A rig-
orous fairness framework has to treat benchmark omission
itself as a form of bias, not as a background condition be-
yond critique.

One practical consequence is that AL research needs
a stronger culture of benchmark documentation and stew-
ardship. Public or semi-public benchmarks should not
merely provide train-test splits. They should include ex-
tensive metadata describing the origin, exclusions, out-
come rules, variable provenance, and known representa-
tional limitations of the dataset. They should state which
patient pathways are likely overrepresented, which follow-
up patterns are incomplete, and which subgroup analyses
are statistically weak because the benchmark remains nar-
row. Without such stewardship, the benchmark becomes
a silent authority [13]. Researchers optimize against it,
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compare against it, and claim fairness within it, while
the benchmark’s own structure escapes serious technical
scrutiny.

Institutional heterogeneity also raises the issue of
semantic instability across features. Variables that seem
standard are often context-dependent in practice. Albu-
min may reflect chronic nutritional status in one setting
and acute resuscitation context in another. ICU admis-
sion may encode surgeon preference or postoperative bed
availability as much as clinical concern. Drain placement
may be rare in one hospital and routine in another, chang-
ing the meaning of drain-related measurements. These
variations matter for fairness because models trained to
rely on locally stable proxies can behave unpredictably
when transferred. A benchmark governance framework
attentive to fairness should therefore include feature cards
or variable-level provenance statements that describe not
only data type and missingness but also plausible sources
of institutional semantic drift.

Another neglected issue is temporal provenance. Bench-
marks often pool multiple years of data to gain enough
events, especially for rare complications. But surgical
pathways, perioperative optimization practices, documen-
tation systems, and coding habits change over time. A
pooled benchmark can thus compress different eras of
clinical work into a single learning problem. If those
changes disproportionately affect certain patient groups or
procedure categories, temporal pooling can hide fairness-
relevant drift. Benchmark governance should include tem-
poral stratification and explicit disclosure of period effects,
not merely because drift harms prediction, but because
drift can reconfigure which patients are diagnosed, how
quickly they are recognized, and which covariates remain
informative.

A benchmark-centered fairness agenda also requires
rethinking what constitutes a meaningful baseline. Com-
paring models solely by discrimination metrics encour-
ages the idea that the benchmark’s job is to rank patients.
In AL prediction, the benchmark should also test whether
a model’s output is clinically interpretable, subgroup- trans-
parent, and operationally mappable to action. Bench-
marks that reward only AUC or similar aggregate mea-
sures invite overinvestment in ranking performance and
underinvestment in the harder work of fair cohort construc-
tion and deployment specification. A stronger benchmark
would require subgroup calibration displays, uncertainty
intervals by clinically meaningful strata, documentation of
missingness handling, and explicit articulation of intended
use. Such requirements would not make the benchmark

less technical. They would make it a more faithful instru-
ment for translational evaluation [14].

This leads to an institutional point. Fairness in AL
prediction cannot be fully delegated to individual model
developers. It is partly a property of the shared standards
the field sets for what counts as adequate evidence. Jour-
nals, benchmark maintainers, surgical collaboratives, and
data custodians all participate in this governance whether
they describe it in those terms or not. If a field routinely
publishes models without subgroup reporting, without out-
come provenance, without multi-center transport analysis,
and without implementation pathways, then unfairness is
not simply the failure of isolated researchers. It is an arti-
fact of collective evidentiary norms. Conversely, if bench-
mark governance begins to require these elements, indi-
vidual modeling work will shift accordingly.

A mature fairness framework for AL prediction must
therefore operate at the level of benchmark design and
stewardship. It must insist that data provenance be treated
as first-order technical content, that institutional diversity
be regarded as a fairness requirement rather than a lux-
ury, and that missing pathways and omitted populations
be recognized as substantive failures of representational
adequacy. Only within such a governed benchmark ecol-
ogy do subgroup metrics and model audits become per-
suasive. Otherwise fairness remains bound to the local
assumptions of the dataset that happened to be available.

5. Clinical Interface, Alert Burden,
and the Hidden Redistribution of
Work
The fairness profile of an AL model does not end with the
score. Once the model is inserted into a clinical pathway,
it begins to redistribute attention, labor, and uncertainty.
Those redistributions are rarely captured in traditional val-
idation reports, yet they are among the main mechanisms
through which a seemingly acceptable model can produce
inequitable care. A risk score that enters a dashboard,
triggers a page, prompts imaging, delays discharge, or de-
mands senior review is not merely an informational object.
It is a device that alters workflow. The fairness question
therefore extends beyond statistical behavior and into the
domain of operational allocation.

This matters because clinical systems do not respond
uniformly to alerts. Different care teams have different
thresholds for concern, different access to imaging, differ-
ent ability to prolong observation, and different levels of
trust in automated recommendations. A risk estimate that
is operationally light in one setting may be burdensome in
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another [15]. For some patients, an alert may yield ear-
lier consultant attention and rapid diagnostics. For oth-
ers, the same alert may yield only additional documenta-
tion, repeated but non-actionable blood tests, or prolonged
anxiety without meaningful escalation. Fairness in deploy-
ment is therefore not just about who is flagged. It is about
what the flag can do in the setting where it appears.

Alert burden is especially salient in rare-event pre-
diction. Because AL is uncommon, even reasonably dis-
criminative models may produce many false positives at
clinically useful sensitivity levels. This creates a workload
problem. Extra monitoring, extra imaging discussions, ad-
ditional rounds of chart review, and delayed discharge de-
cisions consume finite clinical energy. If those burdens
are distributed unevenly across patient groups or hospital
contexts, the model may create a new layer of inequity.
One subgroup may bear disproportionate surveillance fric-
tion without commensurate benefit, while another may re-
ceive most of the actionable attention because the local
system is better able to respond to alerts in that group. A
model evaluated only through sensitivity and specificity
provides no visibility into this hidden redistribution.

The interface through which the score is delivered
matters as well. A risk estimate presented as a single
opaque number may be interpreted differently from one ac-
companied by clinically legible supporting signals. If clin-
icians cannot understand why a patient has been flagged,
they may rely on preexisting assumptions to decide whether
to act. Those assumptions can themselves be patterned by
procedure type, age, sex, comorbidity, or perceived relia-
bility of the patient’s postoperative narrative. In this way,
a numerically uniform score can meet a socially uneven
interpretive environment. Fairness then depends partly on
explanation design. An interface that surfaces the clinical
basis for concern may reduce arbitrary override. An inter-
face that obscures the model’s logic may invite selective
trust and selective skepticism.

There is also a temporal dimension. AL surveillance
is not a single decision but a sequence of decisions [16].
A patient may be low risk immediately after surgery, in-
termediate risk on the ward, and high risk at discharge
planning. Another may receive a high early score because
of transient physiologic instability that resolves. The work-
flow burden of monitoring those trajectories depends on
how frequently predictions update and how strongly the
system encourages action at each stage. Some groups
may generate more uncertain trajectories because their
measurements are sparser or because their postoperative
course is less continuously visible. If the system treats
uncertainty as low priority rather than as a call for more

careful review, fairness can fail by indifference rather than
by explicit disparity.

Human override makes this problem even more com-
plex. Clinicians often and appropriately resist algorithmic
automation in surgery, especially when recommendations
conflict with bedside judgment. But override behavior is
not neutral. Alerts may be taken more seriously in some
service lines than others, by some clinicians more than oth-
ers, and for some patient populations more than others. If
an AL model is introduced without monitoring who acts
on its outputs and under what conditions, fairness analy-
sis remains incomplete. A model can be fair in the narrow
sense of score behavior and unfair in the broader sense that
its recommendations are systematically discounted for cer-
tain groups or in certain institutional niches. This is one
reason implementation science cannot be separated from
fairness science in this domain.

Resource limits intensify these concerns. Imaging,
ICU beds, advanced nursing observation, and specialist re-
view are not infinitely available. Under resource pressure,
alert systems operate less like uniform aids and more like
triage mechanisms. The risk score becomes a way of de-
ciding who gets scarce attention. In such settings, ranking
performance is not enough. One must examine whether ac-
cess to scarce intervention is being allocated in a way that
is clinically defensible and not simply self-reinforcing of
existing institutional priorities. A model trained in a high-
capacity setting may generate recommendations that can-
not be actioned equitably in a lower-capacity one. With-
out this consideration, deployment can widen rather than
reduce the distance between hospitals that already differ
in complication rescue capability.

An often overlooked form of redistribution concerns
clinician cognition [17]. High-risk surgical complications
require interpretive effort. If a model increases the number
of borderline cases requiring adjudication, that effort must
come from somewhere. Teams with greater staffing flex-
ibility may absorb it; overstretched teams may not. The
same holds for patients and families. Additional testing,
extended monitoring, and shifting discharge expectations
may impose unequal emotional and logistical burdens, es-
pecially where language support, transport access, or so-
cial resources are limited. These are not peripheral hu-
manistic concerns detached from technical fairness. They
are part of the operational cost structure through which the
model redistributes consequences.

Designing fair deployment therefore requires a more
explicit mapping between score ranges and actions. What
exactly happens when a patient is flagged? Does the alert
trigger repeat labs, bedside review, imaging consideration,
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delayed discharge, or surgical consultation? Who owns
the response? How quickly must it occur? What happens
when capacity is constrained? If these questions are not an-
swered during development, then fairness cannot be evalu-
ated meaningfully because the model’s practical effect re-
mains undefined. In AL prediction, undefined action path-
ways are particularly risky because the complication un-
folds quickly enough that vague alerts can generate either
alarm fatigue or missed opportunity.

A stronger design tradition would treat workflow
mapping as part of model specification. It would examine
how alert burden varies by subgroup, which populations
experience the greatest ratio of surveillance burden to con-
firmed clinical benefit, and how override patterns modify
those distributions. It would also recognize that some ac-
tions are lower burden than others. Additional bedside
review is not equivalent to invasive testing or prolonged
monitored admission. Fairness must therefore be action-
tier specific rather than collapsed into a single alert con-
cept. A group might reasonably receive more low-burden
surveillance without inequity, while a pattern of dispro-
portionate exposure to high-burden interventions would
demand closer justification.

The hidden redistribution of work also creates feed-
back loops. Once clinicians know that a model tends to
flag certain postoperative constellations, they may order
more confirmatory tests in those situations. That changes
future data and potentially the measured outcome distribu-
tion. Over time, the model may come to appear more or
less accurate not because its underlying relation to physi-
ology changed, but because the workflow adapted around
it. If that adaptation differs across teams or patient groups,
fairness can drift after deployment even when the code re-
mains fixed [18]. Monitoring systems therefore need to
track not only score performance but also the changing
ecology of response.

In short, fairness in AL prediction cannot be as-
sessed at the level of the score alone. It resides partly
in the social and logistical pathway the score activates. A
clinically acceptable model is one whose outputs can be
translated into action without concentrating burden, skep-
ticism, or opportunity in inequitable ways. That requires
interface design, response ownership, capacity awareness,
and override monitoring to be treated as core technical
components of the modeling enterprise rather than as
downstream operational details.

6. Reproducible Auditing,
Reporting Discipline, and the
Structure of Fair Validation
If fairness in AL prediction is to move beyond aspiration,
the field needs an audit discipline that is both reproducible
and clinically meaningful. Reproducibility here should
not be understood narrowly as the ability to rerun a script.
It also means that another team should be able to under-
stand what outcome was constructed, how missingness
was treated, which patients were excluded, what the in-
tended use was, which subgroup definitions were prespec-
ified, and how the model’s outputs were expected to influ-
ence care. Without that broader reproducibility, fairness
reporting remains fragile because the analytic object under
audit is only partially disclosed.

The first requirement of such a discipline is that fair-
ness reporting be integrated into the main validation nar-
rative rather than relegated to supplemental tables. In
rare-event surgical prediction, subgroup analysis is often
treated as a statistical luxury because event counts become
sparse once the population is partitioned. That concern is
real, but it cannot justify silence. What it should justify
is more careful uncertainty reporting, broader multicen-
ter collaboration, and hierarchical or pooled estimation
strategies that preserve visibility without pretending to a
level of precision the data do not support. The response
to subgroup sparsity cannot be to report only overall per-
formance and infer equity by omission.

A reproducible fairness audit for AL prediction should
therefore begin with a clear statement of the prediction
moment, the action horizon, and the intended clinical role
of the model. A preoperative counseling model, an in-
traoperative support model, and a postoperative surveil-
lance model should not share the same validation template.
Each has different fairness-relevant harms. The preopera-
tive model may affect access to optimization or diversion.
The postoperative model may affect access to monitoring
and early rescue. The intraoperative model may affect
irreversible procedural decisions. Reporting these distinc-
tions is not a matter of prose polish [19]. It determines
which subgroup performance characteristics matter most
and how alert burden should be interpreted.

Next comes cohort accounting. Studies should spec-
ify, with numerical transparency, how many cases were ex-
cluded at each stage and which exclusion mechanisms may
plausibly differ across patient groups or institutions. Ex-
clusions for missing laboratory windows, incomplete cod-
ing, ambiguous operative identification, or absent follow-
up are particularly important because they often remove
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the very cases that challenge the benchmark’s represen-
tational adequacy. Fair validation requires that readers
can see whether the analyzed cohort is a filtered subset
of clinically straightforward or richly documented trajecto-
ries. Without that view, good subgroup performance may
simply be performance on a cleaned population.

Outcome auditing is equally essential. Researchers
should report how the AL label was assembled, what
sources were used, what adjudication standards applied,
and where ascertainment is likely incomplete. When pos-
sible, studies should compare alternative label construc-
tions rather than presenting one composite endpoint as
definitive. If the model behaves very differently across
these constructions, that instability is itself fairness-relevant
because it suggests dependence on pathway-specific recog-
nition rather than on robust clinical signal. In domains like
AL, label pluralism is not merely methodological caution.
It is a way to expose how much of the model’s success
relies on a particular way of making the complication vis-
ible.

Subgroup definition also deserves more discipline
than it usually receives. Fairness reporting should include
clinically meaningful strata such as procedure class, ur-
gency, comorbidity burden, and care setting, alongside
demographic and institutional categories. The reason is
straightforward. In surgical prediction, equity concerns
often arise at intersections between social position and pro-
cedural context. A model may behave acceptably across
sex in aggregate while failing for patients undergoing spe-
cific low-volume or anatomically difficult operations. An-
other may perform evenly across hospitals overall while
degrading sharply in the subgroup of transferred or under-
insured patients. Prespecified subgroup plans help prevent
opportunistic reporting and clarify whether the benchmark
can support the claims being made.

Calibration and uncertainty reporting are particu-
larly important. A model used for surveillance or risk
communication should not be validated only through dis-
crimination [20]. Groupwise calibration is needed be-
cause clinicians interpret risk values as meaningful esti-
mates, not merely ranks. Yet calibration curves by sub-
group are often omitted because they are visually messy
or sample-limited. That omission is costly. In AL predic-
tion, the upper risk tail is where action occurs, and mis-
calibration there can impose markedly different burdens
across populations. Reproducible auditing should there-
fore include subgroup calibration displays, uncertainty in-
tervals around them where possible, and explicit acknowl-
edgment when data are too sparse for strong inference.

Threshold reporting should be equally disciplined.
Too many studies select an operating point internally and
present its sensitivity and specificity as if the choice were
self-evident. In fair validation, threshold choice is a pol-
icy decision that should be justified in relation to clini-
cal burden and actionability. What workload does the
threshold generate? How many additional reviews or tests
would it imply? Does that burden concentrate in partic-
ular groups? How robust is subgroup behavior when the
threshold moves? These questions matter because fair-
ness at one operating point does not guarantee fairness
at another, and in low-prevalence complications thresh-
olds often represent value judgments about missed events
versus false alarms.

External validation should be treated not as a final
ornamental step but as a central fairness audit. A model
that performs well in one center and poorly in another is
not simply unstable. It is providing unequal evidentiary
support for the patients served by those institutions. Re-
producible external validation should therefore document
institutional context, feature semantics, outcome differ-
ences, and subgroup composition across sites rather than
reducing transport to a single performance decrement.
If subgroup disparities enlarge after transfer, the study
should investigate whether the cause lies in label construc-
tion, variable meaning, workflow differences, or sample
composition rather than merely noting performance loss.

A complete audit also needs post-deployment think-
ing even when prospective implementation has not yet
occurred. Researchers should state how they expect the
model to enter workflow, what kinds of actions it would
trigger, and what new data-generating feedback loops it
might create. This form of anticipatory reporting helps
readers judge whether the fairness evidence presented ac-
tually bears on the proposed use. A model validated as a
retrospective classifier may be inappropriate as a live alert
if no account is given of alert burden, override, or capacity
constraints. Fair validation is weakened when the model’s
imagined use drifts beyond the conditions under which it
was evaluated.

Finally, reproducible fairness requires that methods
and artifacts be inspectable. Code transparency matters,
but so do variable definitions, extraction rules, and bench-
mark documentation [21]. In AL prediction, a great deal
of apparent technical sophistication can hide quite sim-
ple but consequential study design choices. Releasing a
model without clear extraction logic or subgroup defini-
tions undermines fairness review because other teams can-
not determine whether disparities reflect architecture, cu-
ration, or endpoint assembly. By contrast, even modest
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models can contribute substantially to equitable progress
if their entire evidentiary pipeline is inspectable and adapt-
able by others.

What emerges from this discussion is a validation
philosophy in which fairness is not a separate appendix to
an otherwise standard model report. It is an organizing
principle for how the report is written, what is disclosed,
and what kinds of uncertainty are permitted to remain vis-
ible. A fair AL model is not simply one that passes a
metric threshold. It is one whose knowledge claims can
be traced, challenged, reproduced, and situated within the
clinical settings where it may eventually act.

7. A Research Agenda for
Equitable AL Prediction Beyond
Proof-of-Concept
The field of AL prediction has reached a point where ad-
ditional proof-of-concept studies alone are unlikely to re-
solve its fairness problems. More retrospective classifiers
trained on structurally similar datasets may refine perfor-
mance estimates, but they will not by themselves answer
whether the models distribute benefit equitably, whether
the endpoints correspond to comparable clinical realities
across institutions, or whether deployment can occur with-
out hidden redistribution of burden. What is needed now
is not simply model improvement but research architecture
improvement.

The first priority is benchmark redesign around ex-
plicitly equitable evidentiary goals. Future benchmarks
should be assembled prospectively whenever feasible, with
outcome definitions that are preregistered, clinically in-
terpretable, and subjected to adjudication procedures de-
signed to reduce institution-specific ambiguity. Rather
than treating chart review as an optional enhancement,
studies should view adjudicated subsets as essential cal-
ibration instruments for understanding how much struc-
tured labels miss and for whom they miss it. Prospective
benchmarking also permits explicit capture of follow-up
outside the index institution, a major issue in postoperative
complications that are often recognized after discharge or
in transferred care settings.

The second priority is multi-center collaboration
built around heterogeneity rather than around simple en-
largement of sample size. Diverse participation should
include hospitals with different resource profiles, docu-
mentation cultures, and patient populations, not only elite
centers with compatible data infrastructures. The aim is
not merely to stress-test generalization in an abstract sense.
It is to ensure that the model is exposed during develop-

ment to multiple regimes of clinical visibility. When the
field builds only from data-rich environments, it risks pro-
ducing models that are technically sophisticated but nor-
matively provincial. Fairness is better served when the
training and validation ecology reflects the plural reality
of surgical care.

A third priority concerns variable strategy [22]. The
field should move away from unexamined accumulation
of any structured variable that improves retrospective dis-
crimination and toward a more deliberate taxonomy of
feature meaning. Variables should be categorized accord-
ing to whether they primarily reflect baseline physiology,
procedural exposure, institutional workflow, observation
intensity, or rescue pathway. This taxonomy would not
prohibit any category a priori. Instead, it would force re-
searchers to justify how each type of variable is expected
to behave under transfer and what fairness risks it carries.
Features tightly bound to local workflow may still be use-
ful, but their use should be transparent and accompanied
by sensitivity analyses that reveal how much they drive
subgroup and site-specific performance.

The fourth priority is prospective implementation
research. Fairness in AL prediction cannot be established
only through retrospective benchmarking because the model’s
use changes the very processes that generate future data.
Studies therefore need implementation phases in which
alert burden, clinician response, time-to-detection, and ac-
tion uptake are measured directly. Randomized or quasi-
experimental designs would be particularly valuable, not
only to determine whether model-guided surveillance im-
proves outcomes, but also to discover whether those im-
provements are distributed evenly. A model that reduces
time-to-detection in well-resourced units while leaving
other pathways unchanged may improve overall outcomes
and still exacerbate inequity. Only prospective evaluation
can expose that pattern convincingly.

Fifth, the field needs a stronger culture of nega-
tive and partial results. In rare-event clinical prediction
there is a strong incentive to foreground the best aggre-
gate performance and minimize the interpretive weight
of subgroup instability, uncertain labels, or burdensome
thresholds. That tendency is understandable but counter-
productive. Fairness advances when studies openly report
where the model fails, which subgroups remain uncertain,
and which deployment scenarios appear operationally un-
realistic. A mature literature should be able to say that
a model is promising for one use, premature for another,
and currently under-evidenced for a third. Such specificity
is more useful than generalized optimism.
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A sixth priority concerns institutional accountabil-
ity. Hospitals and surgical programs adopting AL mod-
els should not rely exclusively on vendor or research-team
assurances. They need local review structures capable of
asking whether the benchmark resembles their own patient
population, whether the proposed output fits existing work-
flow, and how subgroup performance will be monitored af-
ter deployment. This is especially important when models
travel from academic development settings into hospitals
with different staffing and resource constraints [23]. Eq-
uity requires not only better model development but also
better institutional procurement and governance practices.

Seventh, educational culture within clinical AI needs
adjustment. Fairness is still too often framed as either a
narrow legal-compliance issue or as a late-stage ethical
commentary. In AL prediction, it should be taught as
part of core methodological competence. Surgeons, data
scientists, quality leaders, and informaticians working in
this area need a shared vocabulary for discussing outcome
validity, cohort representativeness, benchmark limitation,
and workflow burden. When fairness is integrated into or-
dinary technical conversation, it becomes less likely that
teams will mistake high discrimination in a narrow bench-
mark for readiness for equitable clinical use.

An eighth priority is public methodological infras-
tructure. Shared reporting templates, variable provenance
schemas, outcome documentation standards, and subgroup
audit checklists would make it easier for researchers to pro-
duce comparable and inspectable evidence. These need
not constrain creativity. On the contrary, they would allow
innovation to be evaluated against a clearer background
standard. In a field where heterogeneity of methods cur-
rently impedes cumulative learning, such infrastructure
could help distinguish genuinely new advances from re-
peated rediscovery under slightly different retrospective
conditions.

Ninth, the field should develop a more precise lan-
guage for fairness trade-offs specific to surgery. Discus-
sions often default to abstract debates over parity versus
accuracy, but the concrete questions in AL prediction are
more practical. Which errors delay rescue? Which errors
consume scarce resources without benefit? Which vari-
ables encode legitimate operative risk and which encode
unequal observation? Which deployment environments
can act on the score and which cannot? A technical lan-
guage tied to these realities would improve both model
design and clinical interpretation. It would also reduce
the temptation to import generic fairness slogans that fit
poorly with the clinical stakes of postoperative complica-
tion management.

The final element of the research agenda is humility
about what current models know. Proof-of-concept has
value. Demonstrating that structured EHR data contain
meaningful signal for AL prediction is an important step.
But a field reaches maturity not when it declares the prob-
lem solved, but when it knows what remains unmeasured.
In the present case, those unmeasured elements include
the full range of outcome ascertainment pathways, the dis-
tribution of subgroup benefit under deployment, the behav-
ior of models in resource-constrained environments, and
the interaction between alerts and human judgment. A fair
research agenda does not treat these as marginal compli-
cations to be cleaned up later [24]. It builds them into the
central design of the next generation of studies.

What is at stake is not only the quality of individual
models. It is the shape of evidence that will define accept-
able surgical AI over the coming years. If AL prediction
continues to advance mainly through isolated retrospec-
tive benchmarks, fairness will remain episodic and under-
powered. If the field instead invests in governed bench-
marks, adjudicated outcomes, transport-centered valida-
tion, and implementation-aware audits, it can begin to pro-
duce models whose claims are more than locally persua-
sive. That transition is not automatic, but it is technically
feasible, and it is the level at which meaningful equity
work in this area now needs to occur.

8. Conclusion
Fairness in AL prediction is often discussed as though it
were a secondary constraint imposed on a basically settled
modeling problem. The analysis here suggests the oppo-
site. In this domain, fairness helps determine whether the
modeling problem has been properly specified at all. A
leak predictor is not merely a classifier trained on post-
operative data. It is a claim about what counts as a leak,
whose leaks are visible to the record, which clinical en-
vironments are represented in the benchmark, what kind
of action the score is meant to support, and how that ac-
tion will redistribute attention once the model enters care.
If those layers remain underdescribed, then even sophisti-
cated fairness metrics rest on weak foundations.

The central argument of this paper has been that eq-
uitable AL prediction must be understood as an epistemic
achievement rather than as the output of a single algorith-
mic correction. Outcome construction, cohort assembly,
benchmark stewardship, subgroup visibility, institutional
heterogeneity, interface design, and implementation mon-
itoring all shape whether a model behaves fairly in prac-
tice. This broader view does not replace statistical fair-
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ness analysis. It gives that analysis a setting in which its
conclusions can carry clinical meaning. Without such a
setting, a model may appear fair relative to the benchmark
while remaining unfair relative to the actual distribution
of postoperative risk and recognition.

Several implications follow from this position. Out-
come labels need to be treated as contested and constructed,
not as self-evident truths. Benchmark design needs to
foreground provenance, exclusions, and missing pathways
rather than treating them as background technicalities. Ex-
ternal validation needs to be understood as a fairness re-
quirement because transport across heterogeneous insti-
tutions is one of the few ways to test whether the model
is learning stable clinical signal rather than local habits
of observation [25]. Workflow mapping and alert burden
need to be evaluated because a score that is acceptable in
isolation can become inequitable when translated into ac-
tion under unequal capacity. Reproducible auditing needs
to include subgroup uncertainty, threshold consequences,
and deployment assumptions rather than limiting itself to
pooled performance.

A further implication is methodological restraint. In
a field shaped by rare events and imperfect labels, there
is always pressure to let any available signal count as
progress. That pressure is understandable, but it should
not erase the distinction between proof-of-concept and
clinically accountable evidence. Fairness requires the field
to keep that distinction visible. A model can be technically
interesting, statistically promising, and still underprepared
for equitable deployment. Saying so is not a rejection of
innovation. It is a way of preserving the link between
predictive ambition and clinical responsibility.

This perspective also reshapes how progress should
be measured. The next important advances in AL predic-
tion may not come from a dramatic jump in aggregate dis-
crimination. They may come from better outcome adjudi-
cation, stronger multi-center benchmarks, clearer variable
provenance, more transparent subgroup auditing, more re-
alistic implementation studies, and better governance of
how scores enter workflow. Those developments are less
marketable than a headline metric, but they are more likely
to produce systems that deserve trust across diverse patient
populations and institutional contexts.

In practical terms, the future of equitable AL pre-
diction depends on whether the field is willing to make its
evidentiary scaffolding explicit. Models should be built in
a way that allows others to inspect what the label means,
who the cohort excludes, how subgroup uncertainty be-
haves, what the score is supposed to trigger, and how the
institution will know if the system begins to drift after de-

ployment. A prediction tool that cannot answer those ques-
tions may still be computationally impressive, but it is not
yet a fair clinical instrument.

For that reason, fairness in AL prediction should not
be imagined as an optional ethical refinement added once
predictive power is adequate. It is part of the discipline
required to produce knowledge that can move responsibly
from retrospective signal extraction into real surgical care.
When fairness is treated at that level, the research task be-
comes more demanding, but also more honest. The result
is not a simpler model-development story. It is a better
one [26].
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