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Abstract:

Postoperative adverse event modeling in gastrointestinal surgery increasingly relies on electronic health record
data, yet the most difficult methodological task is often not model fitting but the formal specification
of the event itself. Anastomotic leak is especially challenging because it does not appear in the record
as a single stable datum. Instead, it emerges through delayed and heterogeneous manifestations that
may include radiographic suspicion, inflammatory deterioration, procedural source control, antimicrobial
escalation, operative revision, or diagnostic coding entered after the underlying process has already evolved. A
clinically coherent computational system therefore requires more than a binary endpoint. It requires an explicit
outcome construction framework and a phenotype representation that can distinguish between alternative
expressions of the same underlying failure process. This paper develops a technical account of outcome
definition and AL phenotyping using a hierarchical event model grounded in perioperative longitudinal data.
The central argument is that the target of prediction should be treated as a latent postoperative state, while
observed leak labels should be treated as operational reconstructions assembled from partially informative
evidence streams. Building on that distinction, the paper formalizes event anchoring, temporal eligibility,
hierarchical evidence fusion, graph-based phenotype representation, dynamic state estimation, uncertainty
propagation, and cross-site transport. It further shows why binary AL labels often merge biologically
different trajectories and why phenotype-aware modeling is better suited to surveillance, calibration, and
implementation. The resulting framework supports interpretable risk estimation while preserving clinically
relevant distinctions between early catastrophic failure, contained radiographic leak, management-defined
leak, and ambiguous postoperative inflammatory states.
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1. Introduction

Anastomotic leak is one of the most analytically difficult postoperative outcomes because the event of interest is
neither purely anatomical nor purely administrative [1]. It is anatomical in the sense that it concerns failure of an
anastomotic construct, compromise of tissue integrity, and contamination of surrounding spaces. It is administrative
in the sense that recognition of the event is mediated through coding practice, procedural documentation [2],
imaging access, antibiotic choice, and institutional thresholds for reintervention. In a routine electronic health
record, the analyst does not observe dehiscence as a transparent binary fact. The analyst observes traces of clinical
suspicion and downstream management. For this reason, any effort to define AL as a machine-learning endpoint
has to confront a foundational question that is often bypassed in simpler prediction settings: what exactly is being
measured, at what time, and through which observation channels [3].

This difficulty is not a mere philosophical inconvenience. It changes the statistical meaning of the target. If a
leak is declared only when a patient is reoperated on, then the label partly reflects surgical aggressiveness. If a leak
is declared only when a diagnostic code appears, then the label partly reflects documentation and coding discipline.
[4] If a leak is declared through broad-spectrum antibiotic escalation plus imaging, then the label partly reflects
local care pathways. Outcome definition is therefore inseparable from ascertainment [5]. The target label cannot
be presumed to exist independently of the observation system through which it is assembled [6]. In perioperative
prediction work, this fact is particularly consequential because the same clinical state can produce different recorded
signatures across hospitals, surgeons, and time periods [7].
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Figure 1. Hierarchical outcome construction for anastomotic leak. The diagram separates anatomical eligibility and temporal

anchoring from the evidence hierarchy, then fuses weak cues, suspicion, corroboration, and delayed administrative abstraction
into a single operational AL label.
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A proof-of-concept EHR study operationalized AL through a composite 30-day outcome requiring diagnosis-code
evidence together with corroborating clinical evidence, used features available within the first 24 postoperative
hours, observed a positive rate of 7.6%, and found that post-operative white blood cell count, ICU admission,
post-operative lactate, surgery type, and pre-operative albumin were among the strongest predictors, while also
identifying reproducibility, external validation, and subgroup analysis as unresolved challenges [8]. That design choice
is important because it acknowledges the incompleteness of any single coding signal. At the same time, it raises
a more general methodological issue. Once outcome definition is composite, the event is no longer a simple label
but a rule over heterogeneous evidence streams. The next logical step is to ask whether those streams should only
be fused into a single binary endpoint or whether they should also be used to identify clinically meaningful leak
phenotypes.
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Figure 2. Latent postoperative state versus recorded manifestations. The central trajectory represents the unobserved clinical
failure process, whereas laboratory changes, imaging, source-control procedures, and administrative coding appear as partial
observation channels with different timing and specificity.
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Figure 3. Event semantics for anastomotic leak. The target is framed as a latent postoperative failure state anchored to the
index surgery, while physiology, imaging, procedures, and coding provide partially informative observations for operational
reconstruction. Broad and early estimands share the same latent substrate but differ in temporal admissibility.

This paper argues for the second path. A patient with diffuse contamination requiring urgent source control, a
patient with a small contained pelvic collection managed by drainage, and a patient with persistent inflammatory
deterioration who never undergoes definitive radiographic confirmation are not equivalent data objects even when
each lies within the broader semantic territory of anastomotic failure. Treating them as exchangeable positive cases
simplifies the prediction task but compresses heterogeneity that matters for calibration, interpretability, and clinical
action. A surveillance model trained on such compressed labels may perform well in rank ordering while remaining
opaque about which kind of leak it has learned. The same predicted probability can then correspond to different
latent clinical regimes, making downstream interpretation unstable.

The central proposal of this paper is to formalize AL in two layers [9]. The first layer is a hierarchical outcome
construction mechanism that maps longitudinal perioperative records into an event indicator with explicit temporal
and evidentiary logic. The second layer is a phenotype inference mechanism that embeds positive and near-positive
admissions into a structured latent space defined by onset pattern, containment, physiologic burden, intervention
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Figure 4. Hierarchical label construction. Eligibility is separated from evidence assembly, and evidence layers contribute with
different credibility rather than as exchangeable signals. The fusion stage naturally supports positive, indeterminate, and
negative operational states.
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Figure 5. Latent phenotype inference on a clinical event graph. The event graph separates recovery, inflammatory deviation,
suspicion, contained failure, diffuse failure, and non-leak mimics, while the embedding stage maps these structured activations
into softer phenotype neighborhoods rather than forcing rigid subtype labels.
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Figure 6. Dynamic state-space surveillance. Hidden postoperative states evolve over time, irregular observations provide
partial updates, and the most recent posterior state emits both a broad leak risk and a phenotype-specific forward risk. This
separates progression from measurement and preserves the time structure of surveillance.

intensity, and evidentiary modality. This layered approach treats the binary endpoint as necessary but insufficient.
The event indicator is preserved for benchmarking and decision thresholds, while the phenotype representation
captures heterogeneity that the event indicator necessarily discards.

A hierarchical formulation is preferable to flat classification for several reasons. First, the evidence for leak is not
homogeneous. Operative revision, drain placement for an anastomotic collection, radiographic extravasation, broad-
spectrum antimicrobial escalation, laboratory deterioration, and diagnostic coding do not contribute equally to the
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Figure 7. Identifiability, fairness, and distribution shift. The latent event is only partially anchored by chart evidence, while
subgroup workup, site workflow, and observation intensity reshape the measurement channel that produces the observed
label. Transport therefore benefits from recalibration at the observation layer rather than assuming direct portability of raw
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Figure 8. Clinical event graph for latent phenotype inference. Positive and near-positive admissions are organized as

neighboring graph regions rather than rigid classes, allowing ambiguous inflammatory states, contained leak, and severe
diffuse failure to remain clinically distinct while still connected through a shared suspicion node.

credibility or semantics of the event. Second, those evidence channels are temporally ordered in ways that matter.
Some are antecedent physiologic signatures, some are confirmatory signals, and some are delayed administrative
abstractions. Third, heterogeneity in leak expression is not random residual variance. It is part of the clinical object.
A contained leak is not just a milder version of a catastrophic leak [10]. It may differ in detectability, time course,
physiologic signature, and management consequences. Fourth, deployment in real perioperative settings requires
outputs that are intelligible enough to support action before overt decompensation, not merely after it.

The present discussion is intentionally technical and designed for data scientists and clinical informaticians working
with longitudinal surgical records. It does not assume that a unique universal AL definition exists. Instead, it treats
outcome construction as an estimand-design problem. The estimand may be broad postoperative anastomotic
failure, clinically significant leak requiring intervention, or early occult leak detectable before overt sepsis. Each
estimand induces a different label rule, different eligible predictor window, and different phenotype geometry. The
methodological task is to keep these elements aligned. A mismatch between estimand and label rule produces
hidden bias. A mismatch between label rule and phenotype representation produces semantic instability. A mismatch
between phenotype representation and deployment objective produces clinically unhelpful outputs.
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Figure 9. Dynamic surveillance as a partially observed state-space system. Irregular postoperative inputs update a latent
state estimate, which then produces phenotype-specific forward risks for contained leak, diffuse leak, and uncertain leak-like

deterioration over the next clinical horizon.
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Figure 10. Transport and fairness structure under changing observation systems. A shared latent clinical manifold is
constrained by adjudicated anchors, while site-specific observation channels generate different local labels and must be
audited for subgroup-dependent ascertainment and calibration drift.

The paper proceeds by first defining the event semantics of AL in a longitudinal record and by distinguishing
latent failure from observed evidence [11]. It then develops a hierarchical label construction strategy in which
evidence channels are arranged according to clinical and temporal priority rather than simply pooled. After that, it
introduces a graph-based phenotype model for leak states and near-leak states, followed by a dynamic state-space
formulation for time-updated surveillance. The later sections examine identifiability, fairness, and transport under
changing observation systems, and then turn to validation and clinical use. The overall objective is modest but
technically demanding: to specify an AL endpoint and phenotype system that can be audited, transported, and
interpreted without pretending that the postoperative failure process is directly observable.
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Figure 11. Validation and decision-oriented deployment stack. The framework is tested through chart review, perturbation
of the label rule, temporal splits, phenotype stability, and calibration surfaces before thresholds are converted into bedside
policy under explicit lead-time and alert-burden constraints.

2. Event Semantics and Estimand Design

A computational outcome definition should begin with the object of clinical interest rather than with the convenience
of available variables. In the case of AL, the clinically salient object is failure of an anastomotic interface leading to
pathological communication, contamination, local collection, fistulization, or systemic deterioration attributable to
loss of integrity. This formulation already contains several layers. There is a structural layer concerning tissue and
anastomotic continuity. There is a physiologic layer concerning inflammatory burden and systemic response. There
is a management layer concerning what clinicians do in response to suspected failure. The routine record primarily
captures the latter two layers and only partially captures the first. Consequently, the analyst should distinguish the
latent clinical state from the observed event proxy [12].

Let the index surgery for admission / occur at time s;, and let the latent postoperative condition be described by
a state process &;(t) for t > s;. The state process need not be binary. It can encode stable healing, local subclinical
compromise, overt leak with containment, disseminated contamination, and post-source-control recovery. The
challenge is that &;(t) is not directly recorded. Instead, the EHR generates an event stream

Rj= {(mv i) (i T’m')}'
rij S Adiag U .Aproc U Alab U .Amed U Atext Y Aimgr (1)

where each token r;; belongs to a modality-specific alphabet and each T;; denotes occurrence time. The outcome
definition problem is then to construct a map from R; to an event variable whose meaning is explicit enough to
support inference.
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An estimand is useful only if it specifies what is being counted. In AL studies, several plausible estimands coexist.
One estimand is any clinically meaningful postoperative anastomotic failure within a fixed horizon. Another is failure
severe enough to generate radiographic or operative confirmation. Another is failure detectable early enough to
alter management before gross decompensation. These are not equivalent. Suppose two admissions display identical
structural compromise, but one is diagnosed immediately after early imaging and the other only after delayed septic
deterioration. The first admission belongs to an early-detectable estimand, whereas both belong to a broad 30-day
leak estimand [13]. A model trained on the latter may have limited value for the former even if both carry the same
binary endpoint.

Formally, let H;(u) denote the observed history up to landmark time u. A broad event estimand over horizon H
may be written as

Y& (H) = 1{3t € (si.s + H] such that &(t) € s.eak}, 2)

where Sieak is the set of leak states. By contrast, an early-detectable estimand conditional on available information
by time u is

Y,.(E)(u, H) = l{EIt € (u, s + H] such that &;(t) € S.eak} given H,(u). (3)

These two estimands differ because the second excludes information unavailable by the surveillance landmark. A
label construction method that ignores this distinction risks contaminating predictors with post-declaration evidence.

The semantics of AL also require a distinction between intrinsic event content and extrinsic confirmation.
Intrinsic content concerns the underlying structural failure and its physiological consequences. Extrinsic confirmation
concerns how that failure becomes visible in the record. Operative revision, radiographic contrast extravasation, or
drainage of an anastomotic collection are strong confirmation channels, but they are still not the same as the latent
structural event. Their presence depends on clinician suspicion, imaging capacity, and procedural choice. A hospital
with lower imaging thresholds will likely generate more confirmation events for the same latent burden. Therefore,
confirmation should not be mistaken for ground truth [14]. It is better treated as an observation operator with
variable sensitivity.

This motivates a measurement model. Let Y;* denote the latent broad-event indicator and let O; denote an
observed operational label. Then

Pr(Oi=11Y"=1,¢) = a((),
Pr(Oi=11Y"=0,¢)=B(G) (4)

where (; encodes context such as site, service line, phenotype, and observation intensity. This pair of functions
describes sensitivity and false-positive probability conditional on context. The dependence on (; is not a technical
embellishment. It captures the fact that mild contained leaks may be underascertained, severe leaks may be
overrepresented, and local workflow may shape which cases become visible.

A clinically faithful estimand should therefore satisfy three criteria. First, it should align with a meaningful
postoperative state rather than a single documentation artifact. Second, it should be temporally coherent with the
intended prediction window. Third, it should disclose which parts of the ascertainment process are being incorporated
into the target. If the analyst chooses a management-defined estimand because intervention burden is the relevant
endpoint, that choice is legitimate [15]. If the analyst wants to characterize latent structural failure irrespective of
intervention, then management data should be treated as partial evidence rather than the event itself.
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These distinctions become especially important when the same model is expected to support multiple tasks.
Consider triage, etiologic investigation, and institutional benchmarking. Triage requires an event definition with good
temporal lead time and tolerable false-positive burden. Etiologic investigation requires a target that tracks biological
failure rather than management convention. Benchmarking requires a definition comparable across hospitals. A
single undifferentiated binary endpoint rarely serves all three purposes well. A hierarchical framework can do so
more effectively because it separates a broad latent event, several operationally convenient observed labels, and a
phenotype representation that captures within-event diversity.

One useful way to encode this structure is through an event ontology. Let the ontology be a directed
acyclic graph G = (V, £) whose nodes represent clinically interpretable event concepts and whose edges represent
implication or precedence. Nodes may include suspected inflammatory deviation, image-supported collection,
operative confirmation, drainage-supported source control, contained leak, diffuse leak, and uncertain postoperative
deterioration. Observed tokens in R; map to ontology nodes through a relation . The event definition then becomes
an aggregation functional over ontology activations rather than over raw codes and procedures. This design has
two advantages [16]. It reduces sensitivity to coding idiosyncrasy by grouping synonymous evidence. It also enables
phenotype construction because leak states can be represented as pathways through the graph rather than as
isolated labels.

The concept of estimand design thus shifts the discussion away from the false choice between broad
binary outcomes and highly specific chart-adjudicated events. What matters is not only precision but semantic
transparency. A broad outcome can be valid if its inferential target is explicit and its error structure is examined.
A narrow outcome can be misleading if it mainly counts heavily worked-up cases. The right objective is an event
representation whose layers are clear enough that analysts, surgeons, and implementation teams know whether
they are modeling latent failure, documented suspicion, intervention-requiring failure, or some composite of these.
Only then can AL phenotyping be built on stable conceptual ground.

3. Hierarchical Label Construction in Longitudinal Records

Once the estimand is defined, one must specify how the longitudinal record is translated into an operational label.
A flat logical rule such as diagnosis code plus antibiotic exposure within 30 days is often a reasonable starting point,
but it leaves too much semantic structure implicit. It treats all supporting evidence as exchangeable, overlooks the
ordering of suspicion and intervention, and offers little guidance for ambiguous cases. A hierarchical construction
is more appropriate because leak evidence naturally stratifies into antecedent physiologic disturbance, diagnostic
or radiographic suspicion, confirmatory intervention, and delayed administrative coding [17]. These strata are not
interchangeable. They correspond to different positions in the clinical recognition pathway.

Consider a hierarchy with four levels. The base level contains weak but potentially informative precursors such
as persistent inflammatory deviation, unexplained tachycardia, rising lactate, or delayed recovery patterns. The
second level contains suspicion events, including note-based concern, targeted imaging, or provisional diagnostic
language. The third level contains stronger corroboration such as drainage procedures, operative revision, or
explicit radiographic evidence. The fourth level contains administrative consolidation, including diagnosis coding
and discharge abstraction. The key idea is that evidence should be aggregated upward with precedence, not merely
pooled. A leak label generated from strong corroboration should not depend on whether delayed coding later
appears, whereas a label generated only from weak precursors should remain low confidence.

A convenient formalization uses modality-specific scores that are fused under monotone constraints. Let x
denote evidence extracted from modality v, where v € {0, 1, 2, 3} indexes precursor, suspicion, corroboration, and

v
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administrative layers. Construct scores

q/(V) = fV(XI(V))'
0 1 2 3
i = woq® + wi1g” + w2q® + wsq®, (5)
with nonnegative weights satisfying w» > w; > wg and w, > ws if one wishes to privilege corroborating clinical
evidence over purely administrative recording [18]. The operational label can then be defined by thresholds on ¢;,
but the score itself carries richer information than a hard threshold because it reflects evidence composition.

Purely additive fusion, however, may still be too permissive. Certain combinations should be disallowed or down-
weighted because they are clinically implausible. Broad-spectrum antibiotics after surgery may indicate many
processes unrelated to AL. A radiographic collection without procedural or clinical corroboration may represent
a different postoperative complication. Hierarchical construction therefore benefits from logical gating. One can
write

O; = l{q,-(z) >0V (@P2anrnd®2a) Vv (@@ 20 ndP2a g 63)}- (6)

This rule reflects the idea that strong corroboration can suffice on its own, whereas weaker signals require multi-layer
concurrence. The exact thresholds are context dependent, but the hierarchical principle remains stable.

Temporal anchoring is equally important. Every evidence channel must be related to the index surgery, and every
triggering event should have a recorded timestamp. A single 30-day horizon may be clinically appropriate for broad
capture, yet the internal structure of that window matters. Evidence in the first 24 hours often belongs to the
predictor domain or to background physiologic response, not to confirmed leak declaration [19]. Evidence arising
between postoperative days 3 and 7 may be most informative for early clinically manifest events. Evidence near day
30 may capture delayed collections, transfer-related documentation, or outpatient coding. Therefore, the hierarchy
should encode not only evidentiary strength but also temporally appropriate roles for each signal.

Let 7;; be the time of evidence token j and define time kernels K, (t) for each layer. For example, precursor
evidence may be meaningful early, corroboration may be more meaningful after an initial postoperative interval, and
administrative coding may remain admissible late. Then

q,(V) = Z l{f,j € AV} Kv(Tl'j - Si) n(r/j)v (7)
j=1

where n(r;j) is an evidence-specific credibility contribution. The time kernels can penalize implausibly early or late
signals. This makes the label less vulnerable to arbitrary inclusion of temporally misplaced events.

A further advantage of hierarchical construction is explicit handling of indeterminate admissions. Not every
postoperative inflammatory trajectory should be forced into leak or non-leak. Some admissions contain sufficient
abnormality to merit surveillance but insufficient evidence for confident leak designation. For such cases, one may
introduce an intermediate label U; for uncertainty or ambiguity. In a three-way scheme,

1, gi = Knigh,
Y= U, Kiow < g < Khigh, (8)

0, g <EKiow,

where u denotes indeterminate status [20]. This triadic representation is not merely a convenience for annotation.
It recognizes that the EHR often contains partial evidence and that forcing all such cases into binary classes
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can distort both prevalence and model learning. Ambiguous cases may later be used as weakly labeled examples,
excluded from certain validation analyses, or retained in phenotype models with high uncertainty.

The denominator problem also sits naturally within a hierarchical framework. The at-risk set is not just any
postoperative admission. It is the set of admissions in which an anastomosis capable of leaking was created and in
which follow-up is adequate for the intended horizon. If the denominator includes operations without an anastomosis
or excludes complex salvage cases because documentation is messy, the label may become internally tidy at the cost
of clinical meaning. Hierarchical construction should therefore include a separate eligibility layer that maps operative
documentation into anatomical risk states. The event rule only operates once that eligibility layer is satisfied.

One can formalize eligibility through an anastomotic exposure indicator A; and an observation adequacy indicator
C,‘Z

E,‘Z].{A,'Zl A C,'Z].}. (9)

The final observed label is then defined only on admissions with E; = 1. This separation matters because it allows
sensitivity analyses that vary anatomical inclusion and follow-up completeness independently of the leak rule itself
[21]. Too many studies merge these decisions, making it impossible to tell whether a change in prevalence stems
from outcome logic or from denominator drift.

Hierarchical labels also permit uncertainty-aware training. Suppose the analyst has a subset of chart-adjudicated
cases and a larger set of weak labels generated from the hierarchy. The model can be trained with confidence
weights w; derived from evidence composition, so that strongly corroborated cases contribute more to the loss
than weak or ambiguous cases. A weighted empirical risk may be written as

n
L£(0) =" wil(po(Hi), Yr™), (10)
i=1
where w; increases with corroboration level or chart-review confidence. This strategy acknowledges that not all
labels are equally reliable while still using the full dataset.

Finally, hierarchical construction creates a direct bridge to phenotyping. The same layers used to build the label
also reveal how a leak became legible. Some admissions are corroboration-dominant, some suspicion-dominant,
some administration-dominant, and some remain precursor-heavy without definitive confirmation. These patterns
are clinically relevant because they often align with severity, detection delay, and local workflow. A flat endpoint
discards such distinctions [22]. A hierarchical endpoint preserves them as structured metadata, making the
subsequent phenotype inference problem more stable and more interpretable. In that sense, label construction
is not a preprocessing nuisance but the first stage of phenotype discovery.

4. Latent Phenotype Inference on a Clinical Event Graph

A phenotype system should not be introduced merely to multiply categories. It should be introduced because the
binary leak endpoint compresses heterogeneity that carries mechanistic and operational significance. The most
useful computational representation is therefore not a list of manually declared subtypes but a structured latent
space informed by a clinical event graph. The graph serves as an ontology linking observed events to clinically
meaningful leak expressions, while the latent space allows admissions to occupy intermediate or uncertain positions
rather than being forced into rigid mutually exclusive bins.

Let G = (V, &) denote a directed event graph whose nodes represent concepts such as uncomplicated recovery,
disproportionate inflammatory response, image-triggered suspicion, contained collection, diffuse contamination,
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intervention-defined leak, and administratively supported leak. Each admission activates a subgraph according to
its observed tokens. If a;, denotes the activation intensity of node v for admission /, then the admission is represented
by an activation vector a; € RV, The challenge is to infer a lower-dimensional latent representation that preserves
both clinical meaning and graph topology.

One approach is graph-regularized matrix factorization. Let A € R"*Vl be the matrix of activation vectors. We
seek an embedding H € R"*? and node factors B € RIVI*? such that

A=~ HBT,
J(H,B) =||A— HBT||Z + Xtr(BT LgB), (11)

where Lg is the graph Laplacian of the ontology. The regularization term penalizes embeddings that ignore known
relations among nodes. If contained leak and diffuse leak share common ancestors in the graph but differ in severity
descendants, the factorization respects that geometry rather than treating nodes as unrelated columns.

The resulting latent coordinates in H can be interpreted as phenotype dimensions [23]. One axis may correspond
to physiologic burden, another to local containment versus dissemination, another to observation modality, and
another to management aggressiveness. Importantly, these axes need not be predefined in the data matrix. They
emerge subject to the graph structure and can be audited against clinical expectations. An admission with strong
activation of inflammatory precursor, targeted imaging, and drainage but no reoperation might fall in a region of the
latent space corresponding to contained intervention-managed leak. Another admission with abrupt hemodynamic
collapse and operative revision might occupy a more severe region. A third admission with persistent inflammatory
irregularity and administrative coding but little corroboration might fall near an uncertainty boundary.

A discrete phenotype taxonomy can then be induced from the latent coordinates by mixture modeling. Let h;
denote the row of H for admission /. A Gaussian mixture representation takes the form

K
p(hi) = m N (hi; b L),
k=1

e N (his ek, k)
S TN (i g, o)
where Z; is the latent phenotype index. The posterior membership probabilities allow soft assignments, which are

preferable because leak phenotypes rarely have sharp boundaries. A case can simultaneously resemble a contained
leak and an intervention-defined leak, or a near-leak inflammatory mimic and a low-confidence leak state [24].

p(Zi=k|h)=

(12)

Phenotypes should not be allowed to drift into purely observational clusters. For instance, one cluster may emerge
simply because a hospital orders postoperative CT scans more frequently, not because its patients have a distinct
biological leak state. To prevent this, the phenotype model should partially factor out observation intensity. Let
m; denote a vector of measurement-process features such as imaging count, note density, or lab frequency. A
residualized latent coordinate

hi = hi — Pyh;,
P =MM"M)"*MT (13)
can be used, where the rows of M are the m; vectors. This projection removes linear components associated with

observation density. More general nonlinear residualization is possible, but the principle is that phenotype should be
less about how closely a patient was watched and more about what happened biologically and clinically.
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Another useful device is to impose partial ordering constraints between phenotype centroids. If one phenotype is
intended to represent more severe contamination than another, then its centroid should score higher on severity-
linked node activations. Suppose c'h; is a severity functional extracted from the embedding. Then one may
enforce

¢tk < c'uk, whenever ki < ko, (14)

where =< is a clinically specified partial order [25]. This prevents semantically inverted solutions in which a “milder”
phenotype appears more physiologically extreme than a “severe” one. Such inversions are common in unconstrained
clustering when observation-process features dominate.

A graph-based phenotype framework is especially well suited to admissions that lie close to the leak boundary. Not
every abnormal postoperative course reflects AL. Prolonged ileus, pneumonia, intra-abdominal abscess unrelated
to the anastomosis, bleeding, and generalized sepsis from other sources can all mimic portions of the leak signal.
Rather than treating all false positives as unstructured noise, the event graph can include non-leak mimic regions.
Admissions then populate a broader manifold in which actual leak states lie adjacent to coherent alternative
postoperative syndromes. This is valuable because many predictive models are applied exactly in this ambiguous
territory. The model must distinguish not only leak from normal recovery but leak from its closest clinical
competitors.

The latent event graph also supports transition analysis. Because nodes are temporally activatable, one can
estimate likely pathways through the graph. An admission may move from mild inflammatory deviation to imaging-
triggered suspicion to contained collection with drainage [26]. Another may move rapidly from early instability to
operative revision. These pathways are phenotypically informative because they capture velocity and sequence, not
only final state. Let ['; = (vi1, ..., viT;) be the ordered path of dominant node activations. Phenotype can then be
defined jointly by latent coordinates and path structure. This is particularly useful for separating early catastrophic
leaks from delayed localized collections, even if both end in the same binary outcome.

Clinical interpretability benefits from the graph formalism because each phenotype remains tied to an explicit
neighborhood of concepts. Instead of reporting an abstract cluster number, the system can describe a phenotype as
a region of the graph characterized by strong contained-collection activation, moderate physiologic burden, frequent
drainage, and low operative revision intensity. Another phenotype can be described as early diffuse-failure activation
with high hemodynamic disturbance and rapid operative confirmation. These descriptions are not decorative. They
determine whether a phenotype output can be understood and trusted in a perioperative workflow.

The graph-based strategy is different from simple unsupervised clustering on tabular features because it encodes
medical semantics directly into the representation. The embedding is not free to separate cases along arbitrary
administrative axes if those axes conflict with the graph topology. At the same time, it remains flexible enough to
discover variation within clinically meaningful regions [27]. This balance is important. Fully hand-built taxonomies
are often too rigid, while unconstrained data-driven clusters are often too unstable. The event graph provides an
intermediate scaffold that stabilizes inference without predetermining every subtype.

From a methodological standpoint, phenotype inference on a clinical event graph offers a way to reconcile
binary benchmarking with richer clinical structure. The binary label remains available for incidence estimation and
simple prediction. Yet around that binary core, the graph-based latent space captures containment, severity, timing,
and evidentiary route. This dual representation is particularly attractive in AL because the event itself sits at the
intersection of anatomy, physiology, and care process. A single scalar probability can summarize risk, but only a
structured latent representation can explain what kind of leak state that probability refers to.
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5. Dynamic Risk Surfaces and State-Space Modeling

AL surveillance is intrinsically dynamic. The probability that an admission occupies or approaches a leak state
changes over time as new measurements arrive, as hemodynamics evolve, and as clinicians order imaging or
interventions. A static model trained on one summary vector per admission can be useful for early screening, but
it cannot represent the evolving geometry of postoperative risk. A more faithful approach treats leak progression
as a partially observed state-space system in which latent clinical status changes continuously while observations
arrive irregularly and selectively [28].

Let z(t) denote a continuous latent state vector for admission / at postoperative time t. Components of
z:(t) may encode local structural compromise, systemic inflammatory burden, perfusion inadequacy, and detection
readiness. The state evolves according to

Zi(t + A) = Fazi(t) + Gaui(t) + €i(t, A),
gi(t,A) ~ N(0,Qa), (15)

where u;(t) includes interventions or exogenous drivers and Fp is a transition operator over time increment A.
Observations y;(t) such as laboratory values, vitals, imaging indicators, or procedural events are emitted through

yi(t) = Hezi(t) + vi(t),
vi(t) ~ N(0, Ry) (16)

for continuous channels, with generalized observation models for binary or count channels. This representation
captures a central asymmetry: the latent clinical condition evolves whether or not it is being measured, but the
record reveals only irregular shadows of that evolution.

A state-space formulation is useful because it separates progression from observation. In ordinary classification, a
rising leukocyte count and a CT order are simply two features. In a dynamic system, the leukocyte trajectory may be
modeled as an observation of latent inflammatory burden, while the CT order may be modeled as a consequence of
the posterior probability of clinically significant deterioration crossing a practical threshold. The distinction matters
because care-process events are not equivalent to physiologic measurements. They are downstream responses to
clinical suspicion, and thus informative about the latent state in a different way [29].

For surveillance, what matters is not merely the current latent state but the risk surface over future leak
declaration. Let T be the latent time at which the state first enters a clinically significant leak region L. Define
the dynamic risk

pi(t,h) = Pr (3s € (t, t + ] such that z(s) € £ | Hi(t)). (17)

where H;(t) is the observed history up to time t. This quantity is more clinically meaningful than a static 30-day
probability once the patient is already postoperative. It can be updated as new information arrives and can support
threshold-based actions such as intensified monitoring or earlier imaging.

The risk surface can be linked to phenotype by defining several destination regions L4 corresponding to contained
leak, diffuse leak, intervention-defined leak, and ambiguous leak-like deterioration. Then

pik(t, h) = Pr (35 € (t, t + h] such that z(s) € L | ’H,-(t)) (18)

yields phenotype-specific forward risks. This is operationally important. A high forward risk of contained leak may
support one monitoring strategy, whereas a high forward risk of rapidly progressive diffuse failure may support
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another. A phenotype-aware surveillance system therefore provides more actionable information than a single
undifferentiated alert probability.

Irregular sampling is a major challenge in postoperative records. Laboratory tests, bedside vital signs, and imaging
are measured on different schedules, and those schedules depend on illness severity. Standard recurrent encoders
may inadvertently learn that measurement frequency itself is predictive, which it is, but not necessarily in a
transportable way. A state-space formulation can explicitly model observation times as informative [30]. Let A;(t)
be an observation-intensity process. Then one may write a joint model in which both measurements and their arrival
times depend on the latent state:

AP%(t) = exp (a0 + ' z(t)),
N®PS(t) ~ Poisson process with intensity A%°%(t). (19)

This structure captures the common clinical reality that sicker patients are monitored more densely. If ignored, the
model may overestimate performance by using care intensity as a surrogate for leak risk.

Dynamic AL modeling also benefits from a geometric interpretation. At each time point, the posterior distribution
of z(t) defines not only a point estimate but an uncertainty ellipsoid in latent state space. Some patients
occupy trajectories that move steadily toward a leak region with increasing certainty. Others wander near decision
boundaries. A risk score without uncertainty can be misleading in these cases. Posterior covariance informs how
robustly the model believes the patient is approaching a leak phenotype. This matters for triage. A moderate-risk
estimate with low uncertainty may justify action differently from the same estimate with wide posterior spread.

Sequential decision support can be formalized through threshold policies [31]. Let a;(t) € U denote an action
such as observe, intensify labs, obtain imaging, or evaluate for source control. Given a cost functional C, one seeks
a policy ™ minimizing

EW[/: c(z (1), (1)) dt + d(z(r) . (20)

where the terminal term penalizes late recognition or missed severe leak states. The full optimal control problem
may be too ambitious for initial deployment, but the formulation clarifies that leak prediction is not an end in itself.
It is valuable insofar as it informs time-sensitive actions. A dynamic risk surface is therefore more aligned with
clinical use than a single static probability estimated once.

Early postoperative feature windows can still be embedded into this framework. An early-only model corresponds
to taking t = s; 4+ 24h and estimating p;(t, h) from the history available up to that landmark. This is a special case,
not a different problem. By placing early models inside a state-space view, one can relate them to later updated
models and ask whether the dominant predictors reflect baseline risk, early physiologic response, or emerging
manifestation. The distinction is important. A variable like postoperative lactate may indicate tissue stress very
early, but later measurements may reflect established pathophysiology or response to treatment.

Finally, dynamic state modeling provides a principled basis for phenotype transition analysis. Rather than assigning
each positive case a single static phenotype, one can estimate a trajectory over phenotype regions [32]. A patient
can move from inflammatory deviation to ambiguous leak-like state to contained leak and then toward recovery after
drainage. Another can move abruptly toward diffuse severe failure without passing through a prolonged ambiguous
phase. These differences are clinically meaningful and analytically useful. They define not only what happened, but
how it happened and how early it could have been recognized. In AL surveillance, that temporal architecture is
often more informative than the endpoint alone.
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6. Identifiability, Fairness, and Distribution Shift

A sophisticated label and phenotype system does not eliminate uncertainty; it makes uncertainty more explicit. In AL
modeling, three sources of instability are especially important: partial identifiability of the latent event, differential
ascertainment across subgroups, and distribution shift across settings and periods. These are often discussed
separately, but in practice they interact. A phenotype model that is only weakly identifiable may appear unfair
because subgroup observation patterns differ. A model that fails under transport may be blamed on algorithmic
weakness when the real cause is a shift in leak ascertainment or denominator semantics.

Partial identifiability arises because the latent leak state is never perfectly observed in routine data. Even if
one builds a hierarchical label, several plausible latent-event models can generate similar observed records [33].
A contained leak managed empirically without definitive imaging, a postoperative abscess not clearly linked to
the anastomosis, and an early inflammatory deviation that resolves without source control may all occupy nearby
observational neighborhoods. Without strong anchors or chart review, the analyst cannot always distinguish them.
This implies that parameter estimates in a latent phenotype model are determined jointly by data and assumptions.

Suppose Y;* is the latent broad leak event, Z; is the latent phenotype, and O; is the observed operational label.
Then the observed likelihood is

K
P(RiLON = > > PO |y, k) p(Ri |y k)p(k|y)p(y). (21)

ye{0,1} k=1

Without restrictions on p(O; | v, k) or on the phenotype-conditioned record model, multiple decompositions may fit
equally well. This is the essence of nonidentifiability. The practical response is not to abandon latent modeling but to
constrain it using clinically credible anchors, bounded sensitivity assumptions, adjudicated subsets, or monotonicity
constraints. Operative confirmation may be treated as highly specific. Certain imaging findings may be treated
as moderately specific. Antibiotics alone may be treated as weak evidence. Such assumptions narrow the set of
compatible latent explanations [34].

Fairness enters because ascertainment is rarely uniform across subgroups. Let G; denote a subgroup variable. If
the probability of imaging, operative exploration, or diagnostic coding differs by G; at the same latent severity level,
then the observed label O; has different meaning across groups. One can formalize this by allowing the measurement
channel to depend on subgroup:

Pr(O,-:1 |Y/*: 1,Z,-:k,G,-:g):akg,
Pr(Oi=1|Y"=0,Zi=k,G;=9g) = Bxg- (22)

If okg is lower in one group for milder phenotypes because those admissions are less aggressively investigated,
then training on observed labels will make the model less sensitive to those phenotypes in that group. This is
a fairness problem rooted in measurement inequality. Standard parity metrics computed against O; alone may
therefore understate or misstate the problem.

A subgroup-aware phenotype system helps because it allows one to ask whether the same latent region is being
labeled differently across groups. Suppose two admissions occupy similar positions in the latent event graph but
receive different observed labels because one underwent imaging and the other did not. This discrepancy can
be studied directly as a measurement disparity. The analyst can then report not only prediction performance by
subgroup but also ascertainment sensitivity by subgroup conditional on latent phenotype. Such analyses are more
informative than raw disparity in false-positive or false-negative rates, since they separate prediction error from
observation bias.
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Distribution shift across sites introduces another layer [35]. Hospitals differ in procedure mix, diversion practices,
antibiotic protocols, ICU use, and coding detail. These differences affect both the prior distribution of leak
phenotypes and the observation process. Let environment e index site or time period. Then the joint data-generating
system may be written as

Pe(R,O.Y", Z) = pe(O | Y, Z) pe(R | Y, Z) pe(Z | Y7) pe(Y7). (23)

Shift can occur in any factor. Case-mix shift changes p.(Y*) or pe(Z | Y*). Observation shift changes p.(O | Y*, Z).
Feature shift changes pe(R | Y*, Z). A transportable phenotype framework should try to preserve invariance in the
latent clinical relations while allowing the observation layer to adapt.

Domain adaptation is easier when the model architecture already distinguishes latent event from observed label.
One can recalibrate the measurement channel at a new site using a small adjudicated sample without discarding
the broader phenotype representation. Let 6 denote shared phenotype parameters and 1. site-specific observation
parameters. Then

Pe(R.O.Y", Z) = py. (O | Y*, Z) pa(R | Y*, Z) po(Z | Y*) po(Y7). (24)

This separation assumes that the latent manifestation of leak is more stable than its documentation [36]. That
assumption is imperfect but often more plausible than complete end-to-end transport of a black-box predictor
trained on site-specific observational artifacts.

Shift can also be temporal within the same institution. Changes in imaging availability, documentation templates,
or postoperative care bundles alter the record without necessarily altering the underlying leak process. A model built
on administrative signals may drift badly even if physiologic patterns remain stable. A phenotype system anchored
in clinical event graphs and dynamic state trajectories should be more resilient because it places less weight on
surface recording conventions. Still, resilience is not guaranteed. Drift detection is required. One can monitor the
empirical distribution of latent embeddings h; or posterior phenotype vectors over time and compare them to the
reference distribution using, for example, kernel divergence or transportation distance. Sharp movement in these
distributions may indicate either a real change in patient population or a change in observation mechanism.

The interaction between identifiability, fairness, and shift suggests a general methodological lesson. AL modeling
should not treat the observed label as an unquestioned target and then append fairness or transport analyses
afterward. The observation model is itself part of the fairness and transport problem. A system can only be judged
fairly if it is clear what clinical state the labels approximate and how that approximation varies by group and
environment [37]. Likewise, a model can only be transported responsibly if it is clear which parts of the pipeline are
expected to generalize and which require site-specific recalibration.

A practical implication is that external validation should include measurement audits, not merely performance
summaries. Analysts should examine whether the same latent phenotype regions correspond to similar operative,
radiographic, and coding patterns across sites and subgroups. If not, the model should be recalibrated at the
observation layer or the outcome rule should be revised. Such work is analytically demanding, but it is preferable to
presenting a site-wide AUC decline as if all degradation were algorithmic. In AL prediction, much of what appears
as model failure is in fact label-system mismatch. Making that mismatch explicit is a prerequisite for equitable and
portable deployment.
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7. Validation and Decision-Oriented Use

A rigorous AL phenotype framework should be judged by whether it remains coherent under perturbation,
interpretable under uncertainty, and useful within a real surveillance workflow. Validation must therefore be layered.
The first layer concerns the operational label: does the hierarchical outcome rule correspond plausibly to clinically
meaningful leak events, and how often does it disagree with adjudication or with strong corroborating evidence? The
second layer concerns the phenotype representation: are the latent states stable, clinically ordered, and reproducible
across resampling and across institutions? The third layer concerns dynamic risk output: are the probabilities
calibrated in time, sufficiently early to support action, and sufficiently specific to avoid overwhelming the care
environment? A single headline metric cannot answer all three questions.

For label validation, sampled chart review remains indispensable. Even if the full cohort cannot be adjudicated,
small targeted review strata can be chosen from regions of high confidence, low confidence, and disagreement
between evidence channels [38]. The goal is not only to estimate sensitivity and specificity but to understand which
kinds of cases fail. Do false positives cluster in inflammatory mimics? Do false negatives cluster in conservatively
managed contained leaks? Does delayed administrative coding rescue otherwise unrecognized true events? These
qualitative patterns matter because they determine whether the operational label is narrowing the target in clinically
acceptable ways or systematically excluding important phenotypes.

Phenotype validation should emphasize stability and semantic consistency. If the graph-based latent space is
bootstrapped or reconstructed on temporal splits, do the same broad phenotype regions reappear? Are severity-
ordered phenotypes associated with progressively greater physiologic burden or intervention intensity? Do ambiguous
cases retain high posterior entropy rather than being arbitrarily absorbed into one cluster? A useful criterion
is whether local neighborhoods in latent space remain clinically interpretable. If one region alternates between
“contained leak” and “non-leak mimic" depending on random initialization, the phenotype system is too fragile for
deployment or scientific inference.

Because leak phenotypes are not fully observed, internal validation should be supplemented by perturbation
analysis. The outcome rule can be tightened or relaxed by modifying evidence thresholds, time windows, or
denominator requirements. A robust phenotype system should not collapse under modest perturbation. Prevalence
may change, but the broad geometry of severe, contained, ambiguous, and mimic regions should remain
recognizable. This kind of semantic robustness is often more informative than a small change in conventional
discrimination statistics. It indicates that the phenotype representation is tracking stable clinical structure rather
than overfitting one particular operational definition.

Dynamic validation requires temporally aware metrics [39]. The surveillance task is not to detect events after
they are obvious but to provide useful lead time. Therefore one should evaluate time-dependent discrimination and
calibration at clinically relevant landmarks. If the system emits a high-risk signal only after imaging has already been
ordered or after a reoperation note appears, then its statistical performance may be respectable while its operational
value is negligible. Lead-time analysis should quantify the interval between a risk threshold crossing and the earliest
strong leak confirmation. This interval, rather than static AUC, determines whether the model can plausibly alter
management.

Calibration deserves special emphasis because phenotype-aware outputs are intended for decision support. A
reported probability should correspond to a clinically interpretable frequency, and this should hold not only overall
but within phenotype strata and subgroups. A model that is well calibrated for severe diffuse leak but overstates risk
for contained leak may generate too many invasive evaluations in one region of the phenotype space while remaining
apparently acceptable in aggregate. Calibration surfaces over time and phenotype are therefore more revealing than
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ordinary reliability plots. If the system outputs both a broad leak probability and a vector of phenotype-specific
risks, then both layers require calibration auditing.

Decision-oriented evaluation should also account for intervention burden. In practice, a surveillance alert can
trigger repeat labs, CT scanning, bedside evaluation, prolonged hospitalization, or early source-control consideration
[40]. These actions carry costs and risks. The suitable threshold is not determined solely by statistical optimization.
It depends on local capacity, acceptable false-positive burden, and the relative cost of delayed recognition. Decision-
curve analysis and resource-constrained simulation are useful here. They allow analysts to estimate net benefit under
different thresholds and to compare phenotype-specific strategies. For instance, a lower threshold may be acceptable
for the phenotype region associated with rapid severe deterioration, while a higher threshold may be preferable for
ambiguous contained-leak-like states.

Interpretability is part of validation because a model that cannot be interrogated will not be used reliably. Clinicians
need to know not only that a patient is high risk but also whether the model is signaling rising inflammatory burden,
a trajectory toward a contained collection, or evidence consistent with a rapidly progressive diffuse leak state. The
event-graph formulation makes this possible because outputs can be rendered as contributions from clinically named
nodes and as position within a latent phenotype neighborhood. Such explanations do not guarantee correctness,
but they permit plausibility checks and foster calibrated trust.

Prospective validation should be staged rather than immediate and fully interventional. A silent deployment
phase can compare real-time phenotype trajectories and alerts against clinical events without changing care [41].
This phase reveals alert burden, calibration drift, workflow timing, and subgroup-specific failure modes. Only
after the system demonstrates stable behavior should it be linked to action recommendations. Even then, the
recommendations should probably be advisory and phenotype-aware rather than fully automated. In AL surveillance,
the clinical context is too heterogeneous for a single rigid response rule. The role of the model is to sharpen
situational awareness and support earlier, more structured evaluation.

The broader point is that validation of AL outcome definition and phenotyping should mirror the layered nature
of the model. Labels need one kind of validation, latent phenotypes another, dynamic probabilities a third, and
workflow integration a fourth. Compressing all of this into a single discrimination measure obscures what the
system actually knows and where it is likely to fail. A decision-oriented perspective instead asks whether the model
tracks the right clinical object, distinguishes the right latent states, expresses uncertainty honestly, and becomes
informative early enough to matter. Those are the conditions under which a technically sophisticated phenotype
framework can contribute meaningfully to perioperative care.

8. Conclusion

Outcome definition and AL phenotyping are best understood as a coupled inverse problem in perioperative data
science. The latent clinical event is not directly recorded, and the observed postoperative record is a selective
projection shaped by physiology, care processes, timing, and documentation [42]. For that reason, the binary leak
label should not be treated as a self-evident target. It should be treated as an operational construction whose
evidentiary hierarchy, temporal scope, and denominator logic are explicit and auditable. Once this is acknowledged,
phenotyping is no longer optional decoration. It becomes the mechanism by which clinically important heterogeneity
is preserved instead of being collapsed into a single event flag.

A hierarchical event framework offers a practical way to organize this complexity. It allows weak precursors,
suspicion signals, corroborating interventions, and administrative abstractions to contribute differently to label
formation. A graph-based latent representation then provides a structured phenotype space in which severe diffuse
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failure, contained leak, intervention-defined leak, and ambiguous leak-like states can be represented with uncertainty
rather than forced into brittle categories. Dynamic state-space modeling extends the same logic over time,
supporting landmarked surveillance and phenotype-specific forward risk rather than static retrospective labeling
alone.

Such a system does not eliminate error. It instead exposes where error enters: in latent-state identifiability,
in subgroup-dependent ascertainment, and in cross-site observation shift. Those sources of instability must be
incorporated into validation and deployment rather than treated as afterthoughts. The practical value of AL
prediction depends on whether it identifies the right postoperative state, distinguishes meaningful event expressions,
and produces interpretable risk estimates early enough to support action. A phenotype-aware framework is well suited
to that task because it treats leak not as a single recorded fact but as a family of postoperative failure trajectories
observed through imperfect clinical systems [43].
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