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Abstract

Outcome definition in perioperative data science is often treated as a preliminary coding task, yet for anastomotic
leak it is the central methodological problem that governs label validity, error structure, transportability, and clinical
interpretation. Anastomotic leak is not a single biochemical state, nor a single radiographic sign, nor a single billing
event. It is a time-evolving postoperative failure process that may appear as localized contamination, systemic inflam-
matory deterioration, occult radiologic disruption, or operative reintervention, with each manifestation entering the
record through different channels and at different delays. That heterogeneity makes binary classification deceptively
simple and often unstable. This paper develops a technical framework for outcome definition and anastomotic leak
phenotyping that begins from event semantics rather than algorithm choice. The discussion treats leak labels as func-
tions of temporally indexed evidence streams, including diagnosis codes, procedures, laboratory trajectories, imaging
triggers, antimicrobial escalation, and operative context. A phenotype is then defined as a probabilistic state over
clinically coherent leak expressions, rather than a rigid mutually exclusive category. The paper formalizes composite
outcome assembly, temporal anchoring, latent phenotype inference, uncertainty propagation, and subgroup-sensitive
validation. It further argues that the mathematical object being predicted should be separated from the operational
rule used to identify it, because the latter is only an imperfect measurement process. Under this view, robust AL
modeling depends on constructing labels that are auditable, temporally consistent, and transportable across hospitals,
while preserving clinically meaningful distinctions between contained, occult, severe, and management-defined leak

states.

1. Introduction

Anastomotic leak occupies an unusual position in post-
operative modeling because the event is clinically con-
sequential, physiologically heterogeneous, and poorly
represented by any single data element [1]. The infer-
ential burden is therefore shifted backward from the
prediction algorithm toward the definition of the tar-
get itself. A classifier can only be as coherent as the
object it is trained to identify, and for AL that object
is rarely observed directly. What becomes available
to a data system is a delayed and partial trace consist-
ing of procedure records, postoperative laboratories, ra-
diographic decisions, free-text documentation, and, in
some cases, a diagnostic code that stands in for a far
more complex clinical judgment. The result is that out-
come definition is not merely annotation. It is a mod-
eling act that determines which biological failures are
considered equivalent, which management pathways

count as confirmatory evidence, which time windows
are treated as etiologically relevant, and which forms
of uncertainty are ignored or preserved.

A recent reproducible EHR-based study used a com-
posite AL outcome requiring intestinal wound disrup-
tion or postprocedural fistula coding together with cor-
roborating procedural or antimicrobial evidence within
a 30-day window, observed an event prevalence of 7.6%,
and found that early postoperative inflammatory vari-
ables dominated predictive performance, as Sadanan-
dan (2024) [2]. That formulation makes explicit a core
fact that many surgical prediction studies leave im-
plicit: the leak state is not directly encoded in the
record, and therefore must be reconstructed from het-
erogeneous evidence. Once this reconstruction is ac-
knowledged, the question of AL phenotyping becomes
unavoidable. A patient with a small contained pelvic
collection managed by antibiotics alone is not clinically
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Table 1. Outcome Definition Design Elements

Element Description Options Impact
Anchor Time Start reference Surgery, admission Temporal alignment
Horizon Observation window 7, 14,30 days Sensitivity vs specificity

Evidence Rule Data combination

Precedence Logic  Rule structure

Code, intervention
Conjunctive, weighted

Label validity
Interpretability

Table 2. Evidence Weighting Scheme for Composite Labels

Evidence Type Indicator  Weight w; Reliability

Reoperation R; High Very specific

Drainage D; Medium-high  Moderately specific

Imaging I; Medium Context dependent

Antibiotics A; Low Non-specific
identical to a patient with diffuse peritonitis requiring lem itself.

urgent reoperation, even if both satisfy a broad binary
definition. A data system that collapses these two tra-
jectories into a single label may improve sample size
while degrading mechanistic resolution.

The technical literature on postoperative risk pre-
diction has often privileged discrimination metrics over
target formulation [3]. Such a tendency is understand-
able. Binary outcomes are convenient, widely sup-
ported by conventional algorithms, and easy to report.
Yet in surgical complications, especially AL, this con-
venience can obscure an important asymmetry. The bi-
ological phenomenon is continuous, temporally unfold-
ing, and multiscale, whereas the recorded outcome is
discontinuous, delayed, and institution-dependent. If
two hospitals differ in when they image, when they
reoperate, how they code wound disruption, or how
aggressively they escalate antibiotics, then they do not
merely differ in case mix. They differ in the observa-
tion operator through which AL becomes visible. A
model trained on one setting may therefore fail in an-
other not because the biology changed, but because
the mapping from latent leak state to observed record
changed.

For this reason, outcome definition and phenotyp-
ing should be treated jointly. Outcome definition an-
swers whether the data support classification of an
admission as having experienced an AL event within
a specified horizon. Phenotyping answers which sub-
type, severity regime, temporal trajectory, and eviden-
tiary pathway characterize that event. The two tasks
are mathematically linked. A noisy or overly coarse
outcome definition reduces the separability of pheno-
type clusters [4]. Conversely, a well-structured phe-
notype model can inform better outcome definitions
by revealing that some observed labels represent cod-
ing artifacts, postoperative inflammation without leak,
or management choices that are not leak-specific. In
this sense, phenotyping is not a downstream descrip-
tive add-on. It is part of the label construction prob-

This paper develops a technical framework for think-
ing about AL labels and phenotypes in electronic health
records. The argument proceeds from first principles.
The central object is a latent postoperative failure pro-
cess evolving after an index anastomosis. What the
record contains is a set of noisy, temporally irregular,
and selectively missing observations. A formal out-
come definition is then a measurable map from those
observations to an event indicator. A phenotype is a
structured representation of within-event heterogene-
ity, expressed either as a discrete latent class, a con-
tinuous coordinate on a low-dimensional manifold, or
a probability vector over several clinically meaning-
ful leak states. Under this formulation, model devel-
opment becomes an exercise in measurement theory,
state estimation, and transportability rather than in
raw pattern recognition alone.

The emphasis here is deliberately technical. The pa-
per does not assume that AL can be perfectly observed
or that a single binary endpoint is always sufficient [5].
Instead, it treats leakage as a latent construct whose
manifestations depend on anatomy, timing, care pro-
cesses, and observation intensity. The practical goal is
not to multiply categories for their own sake. It is to
define an outcome and phenotype system that supports
three demands simultaneously: internal coherence for
training models, external comparability across institu-
tions, and clinical interpretability for perioperative de-
cision making. These demands are often in tension.
Narrow rules increase precision but reduce sensitivity
and portability. Broad rules improve coverage but in-
troduce semantic drift. Latent phenotypes can recover
structure but may become unstable if not anchored in
explicit event logic. The sections that follow formalize
these trade-offs and propose a framework in which out-
come definition and AL phenotyping are designed as
coupled components of a single analytical system.
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Figure 1. The phenotype space is organized by severity and containment rather than by a single event flag. Soft membership
captures admissions that lie near boundaries between clinically adjacent leak states, preserving uncertainty instead of forcing

unstable hard assignment.
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Figure 2. Temporal assignment is shown as ordered windows rather than a single retrospective flag. A predictor interval
is separated from the leak horizon by a quiet gap, while observable triggers are combined into an estimated onset distinct

from the unobserved physiological failure time.

2. Outcome Definition as a Statistical Object

A useful starting point is to distinguish the latent clini-
cal state from the observed label. Let patient-admission
7 undergo an index anastomotic procedure at time s;.
Denote by L;(t) an unobserved stochastic process rep-
resenting the true physiological integrity of the anas-
tomosis over postoperative time ¢ > s;. One may
interpret L;(t) as a hidden state that evolves from
stable healing toward failure under influences such as
ischemia, tension, contamination, nutritional impair-
ment, immunologic dysregulation, and technical fac-
tors [6]. The object of clinical interest is not any single
laboratory value or code, but whether the trajectory en-
ters a regime of clinically meaningful dehiscence. The
EHR does not provide L;(t) directly. Instead, it pro-
vides coded diagnoses, interventions, laboratory series,
imaging orders, note mentions, and antimicrobial ad-
ministrations, each generated by a different recording
mechanism. The observed outcome is therefore a func-
tional of these proxies.

Suppose the observed record for admission ¢ con-
sists of a multistream temporal object

0y = (Cilt), Plt), Mal1), Vi), Ni(D), T()),

te [Si, S + Ti],

(1)

where C; denotes diagnosis code events, P; procedure
and reintervention events, M; medications including
antimicrobial escalation, V; vitals and laboratory mea-
sures, N; text-derived indicators, and Z; imaging-related
observations. An operational outcome definition is a
measurable map g such that Yo" = (0;) € {0,1}. In
practice, g is almost always composite. It includes a
temporal horizon, a set of admissible evidentiary chan-
nels, and a logical rule specifying how those channels
are combined. The important methodological point is
that ¢ is not a neutral translation of chart reality. It
is a designed estimator of an unobserved target.
The simplest rule is code-based labeling, where Y?bs =

1 if a designated diagnosis code appears within some
postoperative interval. This strategy is attractive for
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Figure 3. A latent-variable phenotyping model integrates multiple evidence views into a shared representation, infers latent
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Figure 4. Validation is staged from rule auditing to chart review, external-site testing, drift monitoring, phenotype stability,
calibration within strata, and threshold utility, ending in an interpretable bedside-facing output rather than an opaque

score alone.

scale but fragile in meaning. Coding depends on doc-
umentation habits, billing incentives, coder interpre-
tation, and timing conventions that vary across in-
stitutions. A more defensible formulation introduces
corroboration [7]. Let C; indicate presence of a leak-
relevant diagnosis code within horizon H, and let E;
indicate supporting clinical evidence such as reoper-
ation, drainage, or targeted antimicrobial escalation
within the same horizon. Then one may define

Y?bs = I{Ci: 1 N E;= 1},

E;, = 1{R¢+Di+AZ' > 1}, (2)
where R;, D;, and A; are binary indicators for return
to the operating room, drainage intervention, and an-
timicrobial evidence. This rule reduces coding-only
false positives, but it may exclude conservatively man-
aged leaks or leaks recognized clinically without im-
mediate intervention. Thus, every gain in specificity
alters the target population. The label becomes in-
creasingly management-defined.

The core technical problem is therefore not choos-
ing a universally correct rule, because no such rule ex-
ists across all datasets. The problem is specifying a
rule whose error structure is legible. Let Y7 denote
the latent clinically true event, defined by expert judg-
ment under ideal information. The operational label
satisfies

where sensitivity and specificity may vary by institu-
tion, phenotype, and observation intensity [8]. If con-
tained leaks are less likely to trigger reoperation, then
the composite rule has phenotype-dependent sensitiv-
ity. If septic complications unrelated to leak trigger
similar antibiotics and drainage, then specificity may
fall in high-acuity settings. The observed binary label
is thus generated through a misclassification operator
whose parameters are not constant. This observation
has major consequences. A model trained on Y?bs is
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Table 3. Phenotype Axes for Leak Characterization

Axis Symbol

Description

Clinical Meaning

Timing gonset
Containment  ycontain

Physiology nphys

Management — pmanase

Early vs late

Local vs diffuse
Inflammatory burden
Intervention intensity

Mechanism differences
Anatomical spread
Severity level

Care pathway

Table 4. Discrete Leak Phenotype Categories

Phenotype Description Evidence Pattern Severity
Occult Radiologic only Imaging + mild labs ~ Low
Contained Local collection Drainage +imaging  Moderate
Inflammatory  Systemic signs Labs + antibiotics Moderate

Operative

Uncertain Weak signals

Reoperation required

Surgery evidence High

Code only Variable

not learning only biological propensity for leak. It is
also learning the institutional process by which leak
becomes observable.

A rigorous outcome definition should therefore state
four ingredients explicitly. The first is anchor time.
For AL, the natural anchor is the timestamp of in-
dex anastomosis rather than admission or discharge.
The second is event horizon. A 30-day window is com-
mon because it captures clinically relevant postoper-
ative failure while limiting unrelated later pathology,
but shorter windows may be preferable for early detec-
tion studies and longer windows for surveillance reg-
istries. The third is evidence composition. This in-
cludes whether the label requires diagnostic coding, in-
tervention, imaging confirmation, note extraction, or
combinations thereof [9]. The fourth is precedence
logic. One must specify whether evidence channels are
treated conjunctively, disjunctively, or hierarchically.
For example, operative confirmation may dominate all
other evidence, whereas antibiotics alone may be insuf-
ficient without additional supporting data.

These design elements can be summarized in a for-
mal rule with precedence weights. Let u; denote the
presence of evidence type j in a specified time window
and w; a credibility weight reflecting the expected pos-
itive predictive value of that evidence source. Then a
thresholded score

m
Si = Z wjuij,
=1

YePs = 1(8; > «}, (4)

permits graded definitions. A reoperation with intraop-
erative contamination may receive higher weight than
isolated imaging suspicion, and isolated imaging sus-
picion higher weight than antibiotic escalation alone.
This formulation makes the rule auditable and tunable.
It also opens the possibility of uncertainty-aware labels.
Instead of forcing every case into a binary state, one

may retain S; or a normalized posterior probability as
a measure of label confidence.

A further complication arises from denominator def-
inition. The at-risk set is not simply all colorectal
operations [10]. It depends on whether an anastomo-
sis was actually fashioned, whether diversion occurred,
whether procedures were staged, and whether the record
contains enough post-index observation time. Includ-
ing non-anastomotic resections will dilute event preva-
lence and blur biological relevance. Excluding complex
salvage surgeries may improve coherence but reduce
representativeness. This is not a trivial cohorting issue.
Outcome validity depends on denominator semantics.
A formally defined label over an ambiguously defined
at-risk population remains unstable.

Finally, outcome definition should be evaluated not
only by face validity but by inferential consequences. A
well-designed AL label ought to exhibit temporal plau-
sibility, agreement with chart review in sampled sub-
sets, expected associations with severity markers, and
robustness under reasonable perturbations of the evi-
dence rule. If small changes in antibiotic or drainage
logic dramatically alter prevalence and feature impor-
tance, then the label is not stable enough to support
downstream modeling without additional adjudication.
In this sense, outcome definition is a statistical object
whose quality can be interrogated through sensitivity
analysis, latent error models, and transport tests. The
question is not whether the definition is perfect, but
whether its imperfections are sufficiently structured to
permit meaningful prediction and phenotyping.

3. Clinical Event Semantics and the AL Phenotype Space

Once the binary outcome is recognized as a compressed
measurement of a more complex process, the need for
phenotyping follows naturally [11]. A phenotype should
be understood as a structured summary of how leak
manifests, not merely whether it occurs. The relevant
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Table 5. Temporal Labeling Strategies

Strategy Definition Advantage Limitation
Fixed Window [0, H| Simple Ignores timing
Landmarking  (u, u+ h] Dynamic risk Complex setup
Earliest Event ~ min(T}) Clear trigger Bias in ordering

Multi-state State transitions  Rich structure  Data intensive

Table 6. Latent Variable Modeling Approaches

Model Type Representation Strength Limitation
Mixture Model Discrete Z; Interpretability Rigid classes
Multi-view Model Factorized views  Data integration Complexity

HMM/Semi-Markov
Latent Trait

Temporal states Dynamics Parameter heavy

Continuous h; Smooth variation  Less discrete meaning

heterogeneity extends across timing, anatomical con-
tainment, systemic physiological burden, and manage-
ment intensity. Some leaks are occult and identified ra-
diographically after a mild inflammatory drift. Others
present with abrupt hemodynamic deterioration and
urgent operative source control. Some are limited to a
small pelvic cavity and treated with drainage, whereas
others reflect diffuse disruption of a high-risk anasto-
mosis. These trajectories share a common failure do-
main but differ in clinical expression and data signa-
ture. A useful phenotype system must preserve that
structure without fragmenting the cohort into unsta-
ble microclasses.

Let the latent phenotype of admission ¢ be repre-
sented by Z;. In a discrete formulation, Z; € {1,..., K}
indexes mutually exclusive states such as occult con-
tained leak, inflammatory leak without reoperation,
image-confirmed pelvic leak with drainage, fulminant
generalized leak requiring urgent surgery, and uncer-
tain code-supported event. In a soft formulation, Z;
is replaced by a vector m; € AKL on the probabil-
ity simplex, where 715, gives the posterior membership
probability in phenotype k. The soft representation
is often preferable because phenotype boundaries are
rarely sharp. A patient may exhibit features of both
contained pelvic leak and evolving systemic compro-
mise. The phenotype is then not a fixed label but a
distribution over nearby clinically plausible states.

The phenotype space should be built from axes that
are semantically meaningful and computationally ob-
servable [12]. Onme axis is temporal onset. A very
early leak, emerging within the first few postoperative
days, often reflects technical or perfusion-related fail-
ure, while later presentations may involve progressive
tissue breakdown, occult abscess formation, or delayed
recognition. Another axis is anatomical containment.
A leak can remain locally confined or progress to free
intraperitoneal contamination. A third axis is physi-
ologic severity, captured by inflammatory and organ-
dysfunction responses. A fourth axis is intervention

dependency, reflecting whether the leak phenotype is
known only because a certain management decision
was taken. A fifth axis is evidence modality, separat-
ing events that are primarily code-defined, imaging-
defined, operative, or text-derived. Together, these
axes create a multidimensional phenotype geometry.

One may formalize this geometry by defining a fea-
ture map ¢; from observed data into a latent coordi-
nate system,

manage

1 ) €

. . T
_ [ -onset . contain . phys evidence
d)i - (Ti 9 Yz ) T],L ) l’L 3 ) )

(5)

where each coordinate is either directly observed or es-
timated from the record. The phenotype space is then
a partition or tessellation of the image of ¢;. Impor-
tantly, these coordinates are not merely predictors [13].
They are definitional descriptors of the event itself. For
example, a rising leukocyte trajectory used to predict
future leak is different from the magnitude of systemic
response after leak declaration. The same variable may
belong either in the predictor set or in the phenotype
descriptor set depending on temporal relation to the
event anchor.

A careful phenotyping scheme must also distinguish

biological phenotype from ascertainment phenotype. Con-

sider two patients with similar contained pelvic leaks.
One undergoes early computed tomography because
the service has a low imaging threshold; the other is
observed clinically and treated empirically. In a purely
data-driven clustering algorithm, these patients may
separate because one has imaging evidence and the
other does not. Yet the difference lies in observation
policy, not in pathophysiology. To prevent such con-
founding, evidence modality should be modeled as one
axis among others, not allowed to dominate the clus-
tering objective. Put differently, phenotypes should
remain clinically interpretable even when observation
intensity varies.

This distinction suggests a layered ontology [14].
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Table 7. Sources of Error in AL Phenotyping

Error Type Source Effect Example
Misclassification Coding variability Label noise Missing mild leaks
Missing Data Sparse labs Bias Unmeasured severity

Observation Bias Monitoring intensity

Institutional Variation ~ Practice patterns

Confounding
Transport issues

Sicker patients measured more
Imaging thresholds

Table 8. Validation Dimensions for Phenotype Systems

Dimension Metric Purpose Insight
Discrimination AUC Separation Predictive power
Calibration Reliability curves Accuracy Risk validity
Stability Bootstrap consistency  Robustness Phenotype reliability

Transportability ~ External testing

Generalization  Site invariance

At the deepest layer lies structural failure of the anas-
tomosis. Above it lies physiological expression, such
as systemic inflammation or organ dysfunction. Above

that lies management response, including imaging, drainage,

reoperation, and antimicrobial escalation. The EHR
primarily records the upper layers. A phenotype model
that treats all recorded events as equivalent may inad-
vertently classify treatment pathways instead of dis-
ease states. The remedy is not to remove management
data entirely, because management contains genuine
severity information. The remedy is to model the hi-
erarchy explicitly. An urgent reoperation is not sim-
ply another feature. It is a downstream manifestation
whose relationship to the latent state passes through
surgeon judgment, resource availability, and institu-
tional practice.

A mathematically useful consequence of this lay-
ered view is that phenotype membership can be regu-
larized toward clinical monotonicity. If phenotype k;
is conceptually milder than phenotype ko, then poste-
rior membership shifts from & to ko should align with
greater physiological burden or more invasive interven-
tion. This may be enforced through ordered latent
variables or partial order constraints on phenotype cen-
troids [15]. Such constraints are especially useful when
unsupervised clustering yields unstable or semantically
mixed groups. Purely geometric separation in feature
space is not enough. A valid AL phenotype should
remain consistent under clinical interpretation.

Soft phenotyping also provides a natural way to
represent indeterminate cases. Outcome definition in-
evitably produces borderline admissions: coded leak
without clear corroboration, drainage without specific
diagnostic coding, or severe sepsis after colorectal surgery
without direct radiologic confirmation of dehiscence.
Forcing these admissions into a hard leak or no-leak
category injects label noise. A more coherent strategy
assigns them high entropy phenotype vectors and prop-
agates that uncertainty downstream. In training, such
cases can contribute fractional membership to multiple

states or be down-weighted by confidence. In valida-
tion, they can be examined as ambiguity strata rather
than as errors in the ordinary sense.

Phenotyping should further respect anatomical and
procedural context. A low pelvic colorectal anasto-
mosis, a stapled intracorporeal ileocolic anastomosis,
and an upper gastrointestinal anastomosis do not share
identical baseline geometry, contamination risk, or leak
presentation. A universal phenotype system that ig-
nores operative topology may conflate distinct failure
mechanisms [16]. Yet a procedure-specific phenotype
taxonomy can become so narrow that it loses gener-
alizability. The practical compromise is to define a
common latent backbone, such as timing, containment,
physiology, and intervention, while allowing procedure-
specific modifiers to enter the mapping from raw fea-
tures to phenotype coordinates.

The value of such a phenotype space is methodolog-
ical rather than ornamental. Binary outcome models
implicitly assume exchangeability among all positive
cases. Phenotyping relaxes that assumption by ac-
knowledging that positive cases occupy multiple local
regimes in feature space. This improves not only de-
scriptive analysis but also predictive modeling, because
one can estimate phenotype-specific risks, detect dif-
ferential calibration, and ask whether certain interven-
tions alter transition probabilities between mild and
severe states. In this way, phenotyping becomes an in-
termediate representational layer linking outcome def-
inition to decision support. The target is no longer
a single opaque event flag. It is a structured object
whose components correspond to clinically intelligible
modes of postoperative failure.

4. Temporal Windows, Label Assignment, and Censor-
ing

Time is not an ancillary attribute of AL. It is consti-
tutive of the event. The same laboratory profile may
indicate baseline postoperative inflammation on day 1,
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Table 9. Deployment Considerations in Clinical Settings

Aspect Requirement Risk Mitigation
Interpretability ~ Clear outputs Misuse Structured summaries
Lead Time Early detection Late alerts Temporal validation
Workflow Fit Actionable triggers  Alert fatigue  Threshold tuning
Auditability Traceable logic Hidden bias  Version control

occult leak evolution on day 4, or recovery by day 8
[17]. Similarly, the evidentiary meaning of reopera-
tion depends on when it occurs relative to the index
procedure and to prior imaging, antimicrobial change,
or physiological deterioration. Outcome definition and
phenotyping therefore require explicit temporal opera-
tors. Without them, the label becomes a static overlay
on a fundamentally dynamic process.

Let s; denote the time of index anastomosis and
let T7 denote the unobserved time at which clinically
meaningful leak first becomes present. The EHR rarely
contains T7. Instead, it contains a set of observed
times such as the first leak-relevant diagnosis code TZ.O ,
first leak-related intervention T’ f) , first decisive imag-
ing order or report Tll , and first leak-suggestive antibi-
otic escalation Tf. These times satisfy no guaranteed
ordering. A patient may undergo empiric antibiotics
before imaging, or receive a diagnosis code only after
reoperation. The observed event time is thus itself a
constructed quantity. Common options include the
earliest corroborating time, the first intervention time,
or the time of code assignment. Each has consequences
for causal interpretation and predictor eligibility.

If the modeling goal is postoperative surveillance,
a landmarking strategy is appropriate [18]. Choose a
time u after surgery and define a risk prediction prob-
lem conditional on being event-free up to u. Predict
whether a leak will occur in (u, u+ k] for some horizon
h. The label then becomes

Yi(u, h) = 1{T; € (u,u+ h] | T; > u}. (6)

This dynamic framing is superior to a single static 30-
day label when one wants time-updated risk. It avoids
leakage of future information into predictors and aligns
naturally with bedside monitoring. However, it re-
quires repeated at-risk sets and careful treatment of
informative observation schedules. Patients with more
frequent labs or imaging are not merely better mon-
itored; they are often clinically sicker. Observation
intensity thus becomes a time-dependent confounder.

For retrospective EHR labeling, many studies in-
stead define a fixed horizon after surgery, say H = 30
days, and set

YeP*(H) = Ymin(7¢, T8, T, 78) < s+ H).  (7)

)

This is easy to implement but conflates early and late
leak processes. It also obscures the fact that the oppor-

tunity to observe a late event depends on discharge sta-
tus, transfer, death, and follow-up completeness. Cen-
soring therefore matters [19]. Let C; denote censor-
ing time from loss of follow-up, death from unrelated
causes, or end of observable record. Then the ob-
served time is 7; = min(T%, C;) with event indicator
A; = 1{T; < C;}. If discharge truncates record access
and post-discharge leakage is incompletely captured,
then naive fixed-window labels can undercount events
nonrandomly. Patients with shorter stays may appear
event-free not because they were biologically protected,
but because the observation mechanism ended.

The appropriate mathematical framework is there-
fore closer to multistate event history analysis than to
ordinary static classification. One may define states
such as stable postoperative course, occult inflamma-
tory suspicion, image-triggered concern, confirmed con-
tained leak, severe disseminated leak, and death or dis-
charge. Transition intensities between these states can
be written as

. Pr (Si(t-‘r d) =b] (1) = a, X,L(t))
Aap(t] Xi(1)) = lslf(} 5 :
(8)

where S;(?) is the latent or observed state and X;(?) is
the time-dependent covariate process. Even if one does
not estimate the full multistate model, this representa-
tion clarifies that leak is not a single transition from
zero to one. It is a path through intermediate eviden-
tiary and management states, only some of which are
recorded explicitly.

Temporal window selection also determines whether
predictors are genuinely antecedent to the event. Using
all data from the first 24 postoperative hours is sensi-
ble only if the goal is early surveillance and if most
leak-defining evidence occurs later [20]. If a subset of
cases declares itself clinically within that window, then
features drawn late in the window may partly capture
the event rather than its precursor. This is not sim-
ply data leakage in the colloquial sense. It is a failure
to respect the distinction between predictor time and
label time. A robust pipeline should therefore define
a predictor window [s;, s; + u, an exclusion buffer to
avoid capturing incipient overt events, and an outcome
window (s; + u, s; + H]. That separation may reduce
discrimination but improves interpretability.

Competing events complicate matters further. Early
postoperative death, urgent reoperation for hemorrhage,
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or diversion unrelated to leak can preclude or alter the
observation of leak. Standard binary labeling treats
these admissions as non-events or excludes them, but
either choice can distort estimates. A competing-risks
formulation with cause-specific hazards or subdistri-
bution hazards is more appropriate when the goal is
population-level risk. For phenotype modeling, com-
peting events may define separate absorbing states that
interact with leak probabilities. A frail patient who
dies before imaging may belong to a high-risk latent
phenotype even though no leak is observed.

Temporal heterogeneity also has semantic impor-
tance [21]. A phenotype system should distinguish
early catastrophic leak from delayed localized failure
even if both satisfy the same 30-day rule. One may
therefore define onset-sensitive phenotypes by combin-
ing event time with severity. If T;f is an estimated on-
set time and o; a severity score, then a phenotype map
can depend on the pair (TI, 0;). Early severe events
and late mild events will then separate naturally. This
matters for both biology and intervention, since the ac-
tionable window differs substantially across temporal
regimes.

From an implementation standpoint, temporal la-
beling should be versioned and auditable. Every ad-
mission should have a traceable record of which times-
tamp triggered the label, which evidence channels were
active before and after that time, and what censoring
assumptions were invoked. Without such provenance,
disagreements between institutions cannot be decom-
posed into differences in biology, documentation, or
observation horizon. The overarching point is that
time is not merely a field in the dataset. It is part
of the ontology of AL itself. Any outcome definition
or phenotype system that ignores temporal structure
risks converting a dynamic postoperative failure pro-
cess into an unstable static artifact.

5. Latent Variable Models for AL Phenotyping

A principled phenotype model begins with the acknowl-
edgment that the clinically meaningful state is latent.
The observed record is a noisy emission from that state
[22]. This immediately suggests latent variable meth-
ods. Let Z; denote the latent phenotype for admission
1, and let X; denote the collection of observed features
assembled over a defined postoperative interval. In the
simplest mixture formulation,

K
p(Xs) = mpp(X;| Z = k),
=1

ep(Xi | Z; = k)
S mep(Xi | Zi=0)

where 71, is the prevalence of phenotype k. The mixture
model gives a posterior phenotype vector for each ad-
mission and naturally supports soft assignment. How-

p(Zi=k| X;) =

9)
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ever, the choice of likelihood p(X; | Z; = k) is not
straightforward because AL-relevant data are mixed-
type, irregularly sampled, and temporally structured.
Continuous laboratory trajectories, binary interventions,
count features from notes, and time-to-event variables
must coexist in the same generative framework.

One solution is a multi-view latent model. Parti-
tion the data into views, such as physiology X"/, man-

agement events X?), coded diagnoses XE?’), and text or
imaging abstractions X§4). Conditional on phenotype,

4
o(Xi| Zi=k = [[p(X}” | zi = k6}"),  (10)
v=1

with view-specific parameters ng). This preserves in-
terpretability because each view can be inspected sep-
arately. It also limits domination by any single high-
dimensional view. For example, diagnostic codes may
be sparse but highly specific, while laboratory sum-
maries may be dense but nonspecific [23]. Multi-view
factorization allows both to inform phenotype assign-
ment without forcing them into a single homogeneous
feature family.

Temporal structure can be introduced through hid-
den Markov or semi-Markov models. Let Z;(t) repre-
sent phenotype state over time and let observations be
emitted conditionally on the current state. Then

Pr(Zi(t+8) = b| Zi(t) = a) = qap(£)5 + 0(5),
p(Xi(1) | Zi(t) = a) = fu(Xs(D)), (11)

where ¢,;(t) are transition intensities and f, emission
laws. Such a model is attractive because it captures
phenotype evolution. A patient may move from postop-
erative stability to occult inflammatory suspicion and
then to overt contained leak or severe disseminated
failure. Semi-Markov variants are particularly useful
because sojourn times in each state carry clinical mean-
ing. A brief excursion in inflammatory markers is not
equivalent to sustained progressive deterioration.

Yet pure latent class discovery has limitations. The
EHR contains strong sources of nuisance variation, in-
cluding service practice, testing frequency, and coder
behavior. Unconstrained clustering may therefore re-
cover institutional processes rather than disease sub-
types. To mitigate this, one can couple the latent
phenotype model to anchor variables with high clini-
cal credibility. Let A; denote a set of anchors such as
operative confirmation, radiographic extravasation, or
drain evidence, and let the model enforce partial align-
ment between phenotype states and anchor prevalence
[24]. A structured prior of the form

K
p(©) ccexp (A Owe - wghr0?)  (12)
k=1
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shrinks phenotype centroids p; toward clinically in-
terpretable regions suggested by the anchor variables.
This does not force the phenotypes to replicate prede-
fined categories, but it discourages solutions that are
statistically convenient and clinically meaningless.

Latent trait models provide a complementary for-
mulation when phenotypes are better viewed as coor-
dinates than classes. Let h; € R?% be a continuous
latent representation of leak expression. Then mixed
observed features can be modeled as generalized linear
emissions from h;:

Tij | h; ~ ]:j(OCj + ﬁ;rhi), (13)

where F; is a feature-specific family. For a continuous
laboratory summary, F; may be Gaussian; for interven-
tion occurrence, Bernoulli; for note counts, Poisson or
negative binomial. Continuous latent representations
are particularly useful when severity and containment
vary smoothly rather than discretely. A downstream
clinician-facing phenotype can still be obtained by par-
titioning the latent space into named regions, but the
model itself is not forced into hard discreteness.

The relationship between latent phenotype and ob-

served binary AL outcome should also be explicit. Rather

than modeling phenotype only among positive cases,
one may define a joint model over event and subtype.
Let Y7 denote latent event status and Z; the phenotype
conditional on event. Then

p(Xq, Y5, Z;) = p(Y7) p(Z; | Y7) p(Xi | Y5, Z;). (14)

When Y; = 0, Z; may be set to a null state represent-
ing uncomplicated recovery or non-leak postoperative
inflammation [25]. This formulation enables distinc-
tion between true leak phenotypes and near-miss or
mimic states, which is important because many false
positives in binary models are not random noise but
clinically coherent mimics such as ileus with inflam-
matory elevation, postoperative abscess without anas-
tomotic disruption, or generalized sepsis from another
source.

A further extension is to treat the observed opera-
tional label Y‘Z?bs as an imperfect measurement of Y7.
Then
p (Xla YO_bS, Y;

3 3

(15)

The final factor allows phenotype-dependent label noise.

Mild contained leaks may be undercoded, severe oper-
ative leaks overcaptured, and uncertain management-
defined events inconsistently observed. Estimating such
a model typically requires anchors, partial adjudica-
tion, or strong priors, but even an approximate version
clarifies the inferential structure: the target label is a
noisy sensor, not a ground truth.

Model selection for phenotyping should not rely
solely on likelihood or discrimination improvement. A
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latent model can fit well while producing unstable or
uninterpretable states. Useful criteria include pheno-
type stability under bootstrap resampling, alignment
with chart-reviewed subsets, monotonic relation with
severity proxies, and transportability across hospitals.
Phenotypes that collapse or permute under slight dataset
shifts are not suitable for deployment or scientific in-
terpretation. In practice, this means latent variable
modeling must be paired with semantic constraints, au-
dit trails, and external validation. The goal is not to
discover arbitrary clusters, but to estimate a hidden
structure that remains clinically intelligible when con-
fronted with the messy reality of perioperative data.

6. Representation Learning and the Geometric Struc-
ture of Leak States

Phenotyping can also be understood geometrically. The
observed postoperative record defines a high-dimensional
point cloud in which each admission is represented by
a vector of temporal summaries, interventions, codes,
and physiological measurements [26]. The challenge
is that Euclidean proximity in this raw space often
corresponds poorly to clinical similarity. Two admis-
sions may be close because they share measurement fre-
quency rather than biological state, or distant because
one hospital records more granular procedure codes.
Representation learning seeks a lower-dimensional space
in which neighborhoods better reflect latent postoper-
ative trajectories. In AL phenotyping, this learned ge-
ometry is valuable because it provides a substrate for
both subtype discovery and uncertainty estimation.

Let X € R™ P be a matrix of admission-level fea-
tures, where columns may include standardized sum-
maries of postoperative WBC, lactate, hemodynamic
variability, transfusion burden, imaging triggers, drainage
events, and code indicators. A classical approach is
low-rank factorization

X~ UV,

UeR™4  VeRPXY  d<p, (16)
where the rows of U define a latent embedding of admis-

sions. If the reconstruction loss is chosen appropriately

7)) = p(YD) p(Zi | Y p(X; | YT, Z3) p( Y?bs |f%n2i}5¢d data types, the columns of U can be inter-

pré‘t’edZ as latent factors such as inflammatory burden,
intervention intensity, delayed recognition, or organ
dysfunction. However, unconstrained factorization is
sensitive to nuisance variance. Sparse coding, group
penalties, and temporal weighting may be needed to
prevent the embedding from being dominated by highly
frequent but weakly specific features.

A graph-based formulation can be more robust. Con-
struct a similarity graph on admissions with weight ma-
trix W, where W;; is large if admissions ¢ and j have
similar trajectories under a clinically informed metric.
The objective is then to find embeddings U that pre-
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serve local neighborhood structure. A Laplacian regu-
larized criterion takes the form [27]

LU, V)=0X-UV"|0%+Atr(UT LU),
L=D-W, (17)

where L is the graph Laplacian. The trace term penal-
izes embeddings that separate nearby admissions. If
the graph metric is designed to discount purely admin-
istrative similarity and emphasize physiological and in-
tervention trajectories, the resulting manifold can re-
flect clinically meaningful leak structure. Admissions
lying on the boundary between uncomplicated recov-
ery and occult leak will occupy intermediate positions,
which is useful for ambiguity-aware labeling.
Temporal representations can be made richer by
encoding sequences rather than fixed summaries. Sup-
pose each admission is represented by an event sequence

Si={(ea,taa), - (€imy timy) }» (18)

where events include laboratory measurements crossing
thresholds, medication changes, imaging, procedures,
and note-derived mentions. A sequence encoder maps
S; into an embedding h;. The specifics of the encoder
need not be tied to any one architecture. The key de-
sign principle is that the map should be order-aware,
time-gap aware, and censoring-aware. A patient with
antibiotic escalation before imaging differs meaning-
fully from one with imaging before antibiotics, even
if the unordered set of events is identical. The repre-
sentation should preserve that ordering.

For phenotype discovery, the geometry should also
reflect uncertainty [28]. Omne useful device is to rep-
resent each admission not as a single point but as a
localized distribution in latent space. Let

hi ~ N (mg, %4), (19)

where m; is the mean embedding and X; encodes un-
certainty due to missingness, conflicting evidence, or
sparse observation. Large covariance indicates that the
admission could plausibly belong to multiple nearby
phenotypic regions. This is particularly appropriate
for borderline cases, such as isolated code-supported
leak without intervention or postoperative inflamma-
tory deterioration lacking direct confirmation. Deci-
sion systems can then use not only phenotype location
but also phenotype confidence.

The geometry of the learned space should ideally
respect known clinical monotonicities. Severity ought
to align with a smooth direction in latent space, and

contained-to-disseminated progression should correspond

to another. These monotonicities can be encouraged by
partial supervision. Let s; be a severity proxy, perhaps
derived from reoperation urgency, ICU-level support,
or organ dysfunction burden. One may require that a
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linear functional a' h; correlate with s;, adding a term

Rord = P Z 1{Si < Sj} max (O, 5 aT(hj — hl)) (20)
1<j

to the objective. This does not reduce phenotyping
to severity scoring [29]. Rather, it ensures that the
learned geometry remains compatible with an impor-
tant clinical axis while still allowing other axes, such
as timing or evidence modality, to vary independently.

Representation learning also helps address cross-
institution transportability. Raw features differ across
hospitals because of coding granularity, laboratory nam-
ing conventions, and practice style. A phenotype space
based directly on raw features may therefore fail to
align externally. Domain-invariant learning seeks a
representation h; that preserves leak-relevant signal while
suppressing site-specific artifacts. One formal objec-
tive is

mqin Eevent(q)(X)7 Y) + }\Lsite(q)(X)a S)’ (21)

where ® is the representation map, Y the outcome or
phenotype target, and Lgito penalizes recoverability of
site label S from the learned representation. In prac-
tice, one should not remove all site information, be-
cause some hospitals treat different populations. The
objective is instead to minimize dependence on irrele-
vant observational idiosyncrasies while preserving clin-
ically real heterogeneity.

From a scientific perspective, the value of geometric
representation lies in its ability to reveal whether AL
is best viewed as a handful of discrete phenotypes or
as a continuum with dense intermediate states. If the
embedding forms well-separated basins corresponding
to distinct clinical regimes, then hard phenotypes may
be appropriate. If the space is elongated and smoothly
varying, then a continuous severity-containment man-
ifold may be more faithful. This is not a minor tech-
nical preference [30]. It determines how labels are con-
structed, how decision thresholds are set, and how clin-
icians interpret the model output. A geometry-aware
approach thus complements explicit latent class mod-
els by providing a flexible and auditable substrate on
which leak states can be organized, compared, and
transported.

7. Error Propagation, Bias, and Identifiability

Any AL phenotype system built from routine EHR
data inherits error from multiple layers: coding inac-
curacy, selective intervention, missing laboratory mea-
surements, variable imaging thresholds, and imperfect
denominator definition. These errors do not remain
local to the label construction step. They propagate
into feature importance, subgroup performance, cali-
bration, and external transport. The technical diffi-
culty is that many of these errors are differential. They
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depend on the latent phenotype, the hospital, and the
patient subgroup. Standard assumptions of indepen-
dent and identically distributed label noise are there-
fore usually inappropriate.

Let Y* denote the latent true event and Y°P® the
operational label. Under asymmetric misclassification,

Pr(Y» =1|Y" =1,G=g) =«
Pr(Y™ =1| V" =0,G=g) = By, (22)

where G indexes a subgroup such as hospital, proce-
dure type, sex, or race. If oy and B4 vary across
groups, then the observed outcome does not have uni-
form meaning [31]. A model may appear better cali-
brated in one subgroup simply because labels are more
reliably captured there. Similarly, an algorithm may
seem unfair when in fact the label quality differs sys-
tematically across populations. This does not elimi-
nate fairness concerns; it complicates them by showing
that fairness cannot be assessed independently of out-
come ascertainment.

Phenotype-dependent misclassification is even more
consequential. Suppose severe disseminated leaks al-
most always trigger reoperation and coding, while mild
contained leaks are frequently managed conservatively
without explicit diagnostic documentation. Then ob-
served event status overrepresents one region of phe-
notype space. In training, the model will infer that
leak is strongly associated with severe systemic distur-
bance, because milder phenotypes are undercounted.
The resulting predictor will perform poorly on con-
tained leaks and may encourage a clinically narrow
understanding of AL. The remedy is not simply more
complex algorithms. It is explicit modeling of sensi-
tivity variation across phenotype strata or calibration
against adjudicated subsets.

Measurement error in covariates also matters. Lab-
oratory values may be absent not at random, especially
preoperative nutritional markers or outpatient anthro-
pometrics [32]. Imaging-derived features are observed
only in patients who are imaged, and note-derived sig-
nals depend on clinician documentation behavior. If
missingness is informative, complete-case analysis can
produce biased phenotype structures by excluding pre-
cisely those admissions with unusual or emergent path-
ways. More generally, the observation operator is it-
self time-dependent. Sicker patients generate denser
records, so richer feature vectors may reflect severity
rather than better information. This can cause a model
to exploit observation intensity as a surrogate for out-
come, which is particularly dangerous in transport set-
tings where monitoring patterns differ.

A formal way to capture informative missingness is
to augment each feature z; with an observation indi-
cator mg;. Then the joint model includes

p(Xi, My | Z;) = p(M; | Z) p(X;i | My, Zy), (23)
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where M; encodes which features were observed. The
term p(M; | Z;) allows missingness itself to depend on
latent phenotype. This is realistic. Severe suspected
leaks trigger more measurement, not less. Ignoring this
term can lead to optimistic internal performance, be-
cause the model effectively learns care-process inten-
sity. A transportable phenotype model should there-
fore either adjust for observation process explicitly or
design representations that are less sensitive to mea-
surement density [33].

Identifiability is another central concern. If one
has only routine EHR data and no chart-reviewed gold
standard, the joint distribution of latent event, latent
phenotype, and observation process may not be uniquely
recoverable. Multiple parameter settings can generate
similar observed data. This is especially true when
using flexible latent variable models. To achieve par-
tial identifiability, one must introduce anchor assump-
tions, bounded error rates, or small adjudicated sam-
ples. For example, operative confirmation of leak may
be treated as nearly specific but not fully sensitive,
whereas isolated antibiotic escalation may be treated
as low-specificity evidence. Such assumptions can be
encoded as priors or inequality constraints. The im-
portant point is that identification comes from assump-
tions, not from optimization alone.

One can express uncertainty propagation using pos-
terior distributions over latent event and phenotype.
Let 0 denote model parameters and D the observed
dataset. Then

pmzzum:/p(r;,zue,D>p<e|D> o, (24)

A downstream risk model that ignores this uncertainty
and treats the maximum a posteriori phenotype as
fixed will understate variance and overstate confidence.
This is especially problematic for subgroup analyses,
where sample sizes shrink and labeling error may dif-
fer. A more coherent pipeline propagates posterior un-
certainty into risk estimates, calibration intervals, and
decision thresholds [34].

Bias analysis should also separate structural from
allocative concerns. Structural bias arises when the
data generation process itself differs across groups, such
as lower imaging frequency in resource-constrained set-
tings or differential coding practices across service lines.
Allocative bias arises when the model’s decisions or
risk scores lead to different downstream care actions
across groups. In AL decision support, the two are
linked. If the label overcaptures severe leaks in one pop-
ulation and undercaptures contained leaks in another,
then triage thresholds trained on the observed data
may allocate surveillance unequally. Fairness metrics
computed on noisy labels can therefore mislead unless
they are contextualized by ascertainment quality.

From a methodological perspective, sensitivity anal-
yses are indispensable. One should perturb the out-
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come definition, vary the evidentiary threshold, relax
or tighten the time horizon, and examine whether phe-
notype prevalence, severity ordering, and subgroup per-
formance remain stable. If the phenotype map changes
drastically under modest definitional shifts, then the
system has poor semantic robustness. Such fragility is
common when the model is implicitly learning manage-
ment conventions rather than disease expressions. Sta-
bility under definitional perturbation is thus a stronger
sign of validity than a marginal gain in AUC.

In sum, error in AL phenotyping is not a residual
nuisance [35]. It is a primary object of analysis. The la-
bel is measured through fallible institutional processes,
the features are partially observed through informa-
tive monitoring, and the phenotype structure is only
partially identifiable without constraints. A serious
framework must therefore include explicit error mod-
els, subgroup-aware ascertainment analysis, and uncer-
tainty propagation. Without these components, appar-
ently precise leak predictions may rest on unstable and
unexamined observation mechanisms.

8. \Validation, Transportability, and Deployment

A technically elegant phenotype system has limited
value unless it survives contact with new hospitals, new
care pathways, and the operational demands of peri-
operative decision making. Validation must therefore
extend beyond internal discrimination. For AL out-
come definition and phenotyping, the validation target
is multidimensional. One needs to know whether the
binary event label remains semantically stable across
sites, whether phenotype assignments preserve mean-
ing under altered observation policies, whether risk es-
timates are calibrated within phenotype strata, and
whether the system supports actionable clinical work-
flows without collapsing into alert fatigue or semantic
drift.

Internal validation is necessary but narrow. Ran-
dom splits or patient-level partitions test whether the
model can reproduce structure already present in the
source institution. They do not test whether that struc-
ture is portable. In AL, portability is especially fragile
because observation processes vary [36]. One center
may image early and drain aggressively; another may
reoperate sooner; another may code wound disruption
inconsistently. A binary leak label that appears stable
internally may therefore correspond to different latent
mixtures across hospitals. Phenotype-aware external
validation is preferable because it allows one to ask
not merely whether overall performance declines, but
which regions of phenotype space move, collapse, or
disappear.

Transportability can be formalized by considering
environments e € &, each representing a hospital or
time period with its own data-generating process. Let
P.(X,Y,Z) denote the joint distribution of features,
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observed event label, and latent phenotype in environ-
ment e. The ordinary external validation question is
whether a model trained under P., performs well un-
der Pg,. A more informative question is whether the
conditional relations of interest are invariant:

P€1(Y* | Z, Xcausal) ~ P€2(Y* ‘ Z, Xcausal)a (25)

while nuisance features and observation-driven variables
may shift. This suggests that transportable phenotyp-
ing should privilege features with stable mechanistic
interpretation, such as physiological response patterns
and operative context, over purely administrative fea-
tures whose meaning is site-specific. It also suggests
that site adaptation should occur at the observation
layer rather than by redefining the latent phenotypes
wholesale.

Validation metrics should be chosen to reflect this
layered structure. Standard AUC is insufficient. Cali-
bration is essential because perioperative decisions are
thresholded on risk [37]. Yet even calibration should be
evaluated conditionally. A model may be globally cali-
brated but systematically underpredict contained leaks
and overpredict fulminant leaks. Phenotype-conditioned
calibration curves, severity-ordered calibration, and cu-
mulative incidence plots stratified by latent phenotype
provide more informative diagnostics. Agreement be-
tween phenotype assignments and chart-reviewed cases,
where available, should be reported not only as overall
accuracy but as entropy and uncertainty concentration.
A system that confidently misclassifies a subgroup of
mild leaks is more problematic than one that expresses
uncertainty near phenotype boundaries.

Temporal validation is likewise critical. Because
hospitals change documentation systems, antibiotic pro-
tocols, and imaging thresholds, the observation opera-
tor drifts over time. A model validated only on ran-
dom contemporaneous splits may therefore look more
robust than it is. Evaluating on future periods tests
sensitivity to documentation drift and changes in care
pathways. For phenotype systems, one should exam-
ine whether centroid locations, transition probabilities,
and prevalence patterns remain stable over time. Drift
detection methods can monitor whether incoming ad-
missions fall outside the support of the historical latent
space or cluster in new regions suggestive of emerging
practice patterns.

Clinical deployment introduces a further distinc-
tion between predictive validity and interventional va-
lidity [38]. A risk estimate is clinically useful only if
it changes action at a time when action still matters.
For AL, the intervention triggered by a high-risk phe-
notype might be intensified monitoring, earlier imag-
ing, nutritional optimization, delayed drain removal,
or heightened threshold for source-control evaluation.
The value of the phenotype system therefore depends
on lead time relative to overt declaration. A repre-
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sentation built largely from post-declaration interven-
tions may validate statistically yet fail operationally,
because it becomes informative only after the clini-
cian already knows the likely diagnosis. Deployment-
oriented validation must quantify this lead time explic-
itly.

Human factors matter as much as metrics. Sur-
geons and perioperative teams do not act on latent
vectors; they act on interpretable summaries. A de-
ployed phenotype system should therefore render its
inference in clinically intelligible terms: probability of
leak, dominant phenotype regime, key evidence chan-
nels, and uncertainty level. Explanations need not ex-
pose the entire mathematics, but they should reveal
enough structure that clinicians can relate model out-
put to the patient’s trajectory. For example, an output
stating that the admission occupies an intermediate
region between occult inflammatory leak and image-
triggered contained leak, driven by rising WBC, per-
sistent lactate elevation, and delayed bowel recovery,
is far more actionable than a solitary probability num-
ber. Interpretability is not only a matter of trust. It
is also a safeguard against silent transport failure, be-
cause clinicians can detect when the model is reasoning
from implausible signals [39].

Evaluation should also include consequence-aware
analyses. A phenotype-specific decision curve can quan-
tify whether using the model improves net benefit at
plausible surveillance thresholds. Resource-sensitive
simulation can estimate how many additional imag-
ing studies, drainage evaluations, or ICU reviews are
generated per leak detected. These analyses are es-
pecially important because different leak phenotypes
impose different costs of delay. Missing a contained
mild leak has a different consequence profile than miss-
ing a rapidly progressive disseminated leak. A single
threshold for all phenotypes may therefore be subopti-
mal. Deployment may require differential thresholds or
two-stage systems in which a broad screen is followed
by phenotype-specific refinement.

Finally, reproducibility remains foundational. Out-
come definition rules, feature extraction logic, pheno-
type mapping, and uncertainty calculations should be
version-controlled and auditable. External sites should
be able to run the same pipeline and identify exactly
where differences arise. Without this transparency,
failure of transport cannot be decomposed. One would
not know whether the disagreement originated in co-
hort selection, evidentiary logic, phenotype represen-
tation, or downstream calibration [40]. In surgical in-
formatics, where data standards are uneven and local
practices shape documentation strongly, this auditabil-
ity is not a luxury. It is a condition for scientific accu-
mulation.

The central implication is that validation of AL out-
come definition and phenotyping must be hierarchical.
First validate the event rule against adjudicated sub-
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sets and temporal logic. Then validate the phenotype
structure for stability, monotonicity, and semantic co-
herence. Then validate risk models conditionally on
phenotype and across sites and periods. Finally vali-
date the workflow consequences in prospective settings.
Only through such staged validation can one determine
whether the system captures leak biology, institutional
observation, or some unstable mixture of both.

9. Conclusion

Outcome definition and phenotyping for anastomotic
leak should be treated as coupled inferential problems
rather than as separate preprocessing and modeling
steps. The binary leak label is not a direct observa-
tion of a singular clinical fact. It is an operational
estimate assembled from heterogeneous postoperative
evidence streams that enter the record with varying de-
lay, precision, and dependence on local care processes.
When this is ignored, prediction models absorb undoc-
umented choices about time windows, corroborating
evidence, denominator construction, and intervention
thresholds [41]. Apparent improvements in discrimina-
tion may then reflect institutional observation habits
as much as clinically meaningful signal.

A more coherent framework begins by separating
the latent leak process from the observed event rule.
The operational label should be explicit, auditable, and
sensitivity-tested under plausible perturbations. Phe-
notyping should then represent within-event hetero-
geneity in terms of timing, containment, physiological
burden, intervention pathway, and evidentiary modal-
ity. Depending on the data and use case, this repre-
sentation may take the form of discrete latent classes,
continuous manifold coordinates, or uncertainty-aware
probability vectors over clinically interpretable states.
In all cases, phenotype structure should be constrained
enough to preserve meaning and flexible enough to
accommodate borderline cases and incomplete obser-
vation. Time-aware labeling, latent variable models,
geometry-preserving representations, and explicit mis-
classification modeling become central rather than op-
tional. Validation must move beyond single-site AUC
and examine semantic stability, subgroup-sensitive as-

certainment, temporal drift, and deployment consequences.

Under this view, AL phenotyping is not merely a richer
way to describe positive cases. It is a mechanism for
improving target validity, clarifying uncertainty, and
enabling decision systems that distinguish between bi-
ologically and operationally distinct postoperative fail-
ure trajectories. The overall goal is not to multiply
categories, but to ensure that what is predicted corre-
sponds as closely as possible to the underlying clinical
process of interest [42].
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