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Abstract

Anastomotic leak persists as a difficult postoperative complication because the local process that causes it begins before the bedside
evidence becomes distinctive enough to force clinical certainty. The immediate challenge is therefore not only classification of who will
eventually receive a leak diagnosis, but reconstruction of when the latent failure process has started to diverge from an uncomplicated
trajectory. Early detection is difficult because the informative content of postoperative data is distributed across several channels
that differ in timing, precision, and clinical meaning. Laboratory abnormalities, subtle hemodynamic instability, delayed physiologic
recovery, altered nursing observations, operative descriptors, drain characteristics, and imaging cues often appear as weak fragments
rather than as a single decisive signal. This paper develops a technical framework in which early leak detection is formalized as
a partially observed, sequential, multimodal inference problem governed by biological latency, intervention-dependent observability,
and asymmetric decision costs. The discussion integrates latent-state modeling, information-theoretic feature construction, causal
adjustment for treatment effects, continuous-time representation learning, and action-oriented calibration. Particular emphasis is
placed on the distinction between diagnosis and detectability, on the fact that missingness and measurement timing contain clinical
signal, and on the need to evaluate surveillance systems by lead time, alarm burden, and transportability rather than by global
discrimination alone. The resulting perspective treats postoperative surveillance as a dynamic control problem in which algorithmic
estimates, clinical responses, and data acquisition strategies co-evolve. Within that frame, early detection becomes a question of
identifying when accumulating evidence has crossed an actionable threshold before overt decompensation has become the principal
source of prediction.

1. Introduction the reconstruction of an evolving hidden process from asyn-
chronous, intervention-modified, and only partially informa-

The practical difficulty of anastomotic leak does not arise tive observations.

merely from its clinical seriousness, but from the temporal

mismatch between where the complication begins and where
clinicians can reliably observe it [24]. Mechanical strain, in-
adequate perfusion, bacterial contamination, ischemia at the
bowel edge, impaired collagen deposition, edema, and host
inflammatory dysregulation occur locally at or near the anas-
tomotic site. Yet direct observation of that local environment
is uncommon after the abdomen has been closed and the
patient has entered postoperative recovery. Clinicians infer
the status of the anastomosis indirectly through laboratory
results, vital signs, analgesic needs, drain character, physi-
cal examination, delayed bowel function, imaging, and care-
process escalations such as transfer to higher-acuity units.
Each of these channels is imperfect. Each is also affected by
therapeutic actions, documentation style, and baseline op-
erative context. The central analytic problem is therefore
not equivalent to ordinary postoperative risk prediction. It is

For that reason, the phrase early detection should be treated
carefully. In many studies, leak is handled as a binary end-
point observed after clinical recognition or coding. That ap-
proach is useful for benchmarking but incomplete for bedside
surveillance. A patient does not become biologically leak-
positive only when reoperation occurs or a computed tomog-
raphy report is finalized. Rather, a latent interval usually
exists during which the local failure process is active, but the
available evidence is still equivocal. The length of that inter-
val differs across procedures, body compartments, diversion
status, source control conditions, and host reserve. Some pa-
tients develop contained pelvic leaks with muted systemic ex-
pression, whereas others declare rapidly through diffuse con-
tamination or septic physiology. If the purpose of modeling
is to support earlier imaging, closer review, or lower thresh-
olds for source control, then the relevant target is not simply
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Figure 1. Biophysical leak genesis is shown as a hidden divergence process. Mechanical and biological vulnerabilities act upstream,
while bedside evidence appears only after latent failure has already projected into local and systemic channels.
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Figure 2. The latent state is decomposed into interacting components rather than a single score. Early observability depends on how
perfusion, healing, contamination, inflammation, and reserve couple before they appear in laboratory, drain, or imaging channels.

eventual leak status but the earliest time at which the pos-
terior probability of meaningful anastomotic failure becomes
high enough to justify a changed management posture.

A useful empirical point of departure is that routinely col-
lected data from the first postoperative day already appear
to contain nontrivial signal for anastomotic leak, with post-
operative white blood cell count, ICU admission, postopera-
tive lactate, surgery type, and preoperative albumin carrying
prominent importance among early features, and with overall
discrimination suggesting that a clinically meaningful portion
of leak-related information exists before overt diagnosis, as
described by Sadanandan (2024) [20]. The significance of
that observation is methodological rather than rhetorical. It
implies that the earliest informative layer may already be em-
bedded in standard perioperative records, even if that signal
is weak, nonlinear, and heavily confounded by treatment in-
tensity. The question then becomes how to extract that sig-
nal without mistaking surveillance density for biology, with-
out collapsing dynamic trajectories into static covariates, and
without allowing the model to exploit features that become
available only after clinicians have effectively identified the
problem themselves.

The distinction between susceptibility and detectability is
foundational.  Susceptibility concerns the conditions that
make a leak more likely to occur: malnutrition, vascular dis-
ease, steroid exposure, hostile pelvic anatomy, long operative

duration, emergent contamination, technical difficulty, and
low tissue perfusion [16]. Detectability concerns whether the
manifestations of a leak can be inferred from data that have
already accumulated. These are related but not interchange-
able. A patient with high baseline susceptibility can recover
without complication if tissue repair progresses adequately
and contamination remains controlled. A patient with low
baseline susceptibility can nevertheless develop a leak if post-
operative perfusion becomes compromised or technical failure
emerges at the anastomosis. Early detection models there-
fore require a layered view. Baseline variables define an initial
prior over healing vulnerability, while postoperative trajecto-
ries update that prior as evidence accumulates. Much of the
clinical value lies in the update, not the prior alone.

Once framed this way, early detection becomes a problem at
the boundary of physiology, statistics, and decision theory.
Physiology determines which local states can give rise to ob-
servable systemic changes. Statistics determines how weak,
irregular, and noisy observations can be fused into a coher-
ent posterior distribution. Decision theory determines when
that posterior should trigger intensified monitoring, diagnos-
tic imaging, procedural intervention, or continued observa-
tion. A system can be statistically impressive and clinically
unhelpful if its alerts occur only after bedside suspicion is
already obvious. It can also be operationally disruptive if it
is sensitive to common postoperative instability but insuffi-
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Figure 3. The postoperative record is generated by a care process, not by a neutral sensor. Measurement presence, timing, and
omission carry mixed information about physiology, bedside suspicion, and institutional workflow.
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Figure 4. Sequential surveillance updates leak belief recursively as new events arrive. Residual deviation from expected recovery,
structural change accumulation, and expected information gain jointly shape the decision surface before overt decompensation.

ciently specific for leak. A credible surveillance system must
therefore be evaluated not only for discrimination, but for
temporal usefulness, calibration, subgroup robustness, false-
alarm burden, and explainability in the presence of changing
care pathways.

This paper develops a technical perspective organized around
that layered problem. The first aim is to articulate how lo-
cal anastomotic failure becomes transformed into incomplete
postoperative signals and why those signals are intrinsically
heterogeneous. The second aim is to formalize postopera-
tive surveillance as inference on a latent dynamical system
observed through irregular multichannel measurements. The
third aim is to examine how causal structure enters the prob-
lem, since therapeutic actions both respond to and reshape
the physiology being monitored. The fourth aim is to connect
probabilistic output to concrete alarm policies that are sen-
sitive to clinical cost asymmetry and human oversight. The
final aim is to outline what constitutes rigorous validation
when the true objective is earlier action rather than retro-
spective endpoint prediction. The paper remains neutral in
tone because the available evidence supports neither dismissal
nor overstatement [3]. There is a plausible path to better
postoperative leak surveillance, but it depends on respecting
the fact that detectability, treatment, documentation, and
workflow are mathematically entangled.

2. Biophysical Genesis and Latent Failure Dy-
namics

The earliest stages of anastomotic failure are biophysical
rather than semantic. They involve local oxygen delivery,
microvascular adequacy, tissue apposition, mechanical load-
ing, collagen synthesis, bacterial burden, and the permeability
of the healing interface. These processes are difficult to mea-
sure directly after surgery, yet they generate the posterior sig-
nals on which bedside reasoning depends. It is therefore use-
ful to formalize leak emergence as a latent trajectory rather
than as a single event. Let a hidden state summarize healing
integrity, regional perfusion, contamination pressure, inflam-
matory activation, and systemic reserve. This state may move
gradually away from the manifold of uncomplicated healing
even while conventional observation remains close to normal.
During that divergence interval, the anastomosis is not yet
clinically obvious as failed, but the probability of downstream
decompensation is increasing. Early detection, in a strict
sense, means recognizing that divergence before the trajec-
tory reaches a region where diagnostic certainty depends on
severe systemic deterioration or imaging-confirmed contami-
nation.

A mechanistic decomposition helps clarify why leak is so dif-
ficult to observe early. The first component is structural
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Figure 5. The multimodal stack preserves causal role as well as modality type. Baseline context shapes the prior, dynamic streams
provide evolving evidence, and treatment history is handled explicitly before the final posterior is emitted.
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Figure 6. Risk estimates become useful only after they enter an operational loop. Tiered alerts, clinician adjudication, diagnostic
escalation, audit of lead time, and continuous recalibration are all required for stable deployment under site and workflow shift.

vulnerability, determined by tissue quality, tension, vascular
supply, and technical configuration. The second component
is biological resilience, determined by inflammatory compe-
tence, nutritional reserve, perfusion responsiveness, and mi-
crobial containment. The third component is propagation,
meaning the extent to which local failure escapes contain-
ment and begins to alter systemic physiology. A tiny de-
fect can remain subclinical if contamination is limited and
drainage is adequate. A similar defect can progress rapidly if
the local environment is ischemic or feculent and host reserve
is poor. Because these components interact, the same mea-
sured abnormality can imply different things across patients.
Persistent tachycardia after a technically straightforward right
hemicolectomy in a well-nourished patient may be more con-
cerning than the same heart rate after a prolonged pelvic
dissection accompanied by epidural-related vasodilation and
postoperative pain. The mapping from biology to bedside
data is therefore strongly contextual.

This contextual dependence can be expressed through cou-
pled latent variables. Let h; represent healing integrity, p:
regional perfusion sufficiency, ¢; contamination burden, i;
inflammatory activation, and r; physiological reserve. A sim-
plified evolution can be written as [6]

hipa = ht + A(appe — accr — agit) + e
ipa =it + A(Bect + Bu(1 — he) — Brre) + Gt
b= o(y0 +n(1 = ht) + it + vect) - (1)

Here ¢; denotes instantaneous leak activity on a probabilistic

scale, while n; and (; capture unmodeled stochastic influ-
ences. The equations are not intended as exact physiology.
Their value lies in showing that inflammatory activation can
rise because healing integrity falls, contamination expands, or
reserve is insufficient, and that several distinct pathways can
produce similar bedside patterns. A surveillance model that
ignores these couplings may attribute leak to single predictors
when the clinically relevant signal is actually the interaction
among latent processes.

The notion of reserve deserves special emphasis because it
governs how quickly local failure becomes globally observ-
able. Two patients with comparable anastomotic defects may
exhibit different clinical trajectories solely because one can
buffer contamination and maintain hemodynamic stability
longer. Reserve includes cardiopulmonary resilience, immuno-
logic capacity, renal clearance, nutritional substrate availabil-
ity, and ability to mount or suppress inflammatory cascades.
In a high-reserve patient, systemic laboratory and vital-sign
deviations may remain small despite meaningful local failure,
making early detection more dependent on subtle trajectory
anomalies or local information such as drain change. In a
low-reserve patient, the same local perturbation may prop-
agate quickly into global instability, increasing detectability
but also narrowing the intervention window. Thus, the de-
tectability of leak is not monotonic in severity alone. It is
jointly determined by severity and the buffering properties of
the host.

Mechanical factors further complicate the latent dynamics.
Anastomoses exist within moving, distending, and pressure-
sensitive structures. Edema, postoperative ileus, intraluminal



Table 1. Latent State Components and Clinical Interpretation

Symbol  Meaning Clinical Proxy Role

hy Healing integrity =~ Tissue viability Structural state
Dt Perfusion Lactate, perfusion notes Support factor
Ct Contamination Drain output, imaging Injury driver

n Inflammation WBC, , CRP Response signal
T Reserve Frailty, albumin Buffer capacity

Table 2. Observation Modalities and Signal Characteristics

Modality Timing Noise Level Clinical Meaning
Labs Intermittent Moderate Systemic response
Vitals Continuous  High Instability trends
Text notes Irregular Variable Context + suspicion
Drains Sparse Low Local signal
Imaging Delayed Low High specificity

pressure, coughing, vasopressor-associated microcirculatory
changes, and mobilization can alter tension and perfusion
across the healing interface. Some of these influences are
transient and reversible; others push the tissue environment
toward irreversible dehiscence. From a surveillance perspec-
tive, the important implication is that leak-related signal may
emerge through failed recovery rather than through abrupt
collapse. A lactate that clears slowly, a white blood cell count
that remains elevated longer than expected, or a drain output
that changes character without dramatic hemodynamic insta-
bility may each reflect a gradual failure of local equilibrium.
Consequently, a model centered only on threshold exceedance
will underutilize information encoded in prolonged deviation
from expected recovery kinetics.

The temporal shape of inflammatory activation is also infor-
mative. Standard postoperative physiology already includes
leukocytosis, mild fever, fluid shifts, and pain-related sympa-
thetic activation. What distinguishes leak is often not the
presence of these features, but their persistence, trajectory
curvature, and co-occurrence with other abnormalities [1]. A
white blood cell count that peaks early and declines may be
compatible with uncomplicated recovery, whereas a second
rise after initial normalization carries a different implication.
Similar logic applies to lactate, temperature, heart rate, and
bowel function. The practical consequence is that the la-
tent process should be estimated relative to an individualized
recovery baseline rather than to population-wide cutoffs. Bi-
ological interpretation improves when a patient’'s observed
data are compared with what would have been expected for
that patient under uncomplicated healing.

Contained and free leaks generate different observability pro-
files. A free leak may quickly provoke peritonitis, hemody-
namic instability, and sepsis, producing a more obvious sys-
temic signature. A contained leak, especially in the pelvis
or near a drain, may evolve through prolonged ileus, low-
grade inflammatory drift, subtle pain escalation, or intermit-
tent fever. The latter cases are often the most consequential
for early surveillance because they occupy the ambiguous zone
in which proactive imaging or procedural drainage can ma-
terially change the clinical course. Models that are trained
disproportionately on dramatic presentations may detect ad-
vanced cases well while remaining weak precisely where early

recognition is most valuable. The latent-state formulation
helps here because it allows the trajectory toward leak to
have multiple modes, rather than assuming that all events
travel through a single physiological pathway.

One should also note that leak is not independent of other
postoperative syndromes. Pneumonia, bleeding, myocardial
injury, urinary sepsis, aspiration, pancreatitis, ileus, and fluid
overload each perturb parts of the same measurement space.
The biophysical latent state is therefore embedded within a
broader postoperative state space that includes several com-
peting pathologies. In such an environment, specificity can-
not come from isolated values alone. It must come from the
sequence, combination, and persistence of changes relative to
operative context. That insight is often more important than
the choice of algorithm. If the underlying representation col-
lapses all postoperative abnormality into a single severity axis,
then leak detection will be confounded by the very processes
that clinicians struggle to differentiate at the bedside.

The main lesson from the biophysical layer is that leak should
be treated as an evolving hidden process with variable propa-
gation into observable physiology. Early evidence is typically
weak because the system is still close to the manifold of nor-
mal recovery. Yet weak evidence need not be useless if it
is interpreted through appropriate temporal and contextual
structure. The aim of modeling is therefore not to discover
a universal signature that appears identically across patients,
but to estimate whether the current postoperative trajectory
is departing from individualized healing dynamics in a way
that is mechanistically consistent with anastomotic failure
[17].

3. Observation Process, Sampling Bias, and
Identifiability

Once the local physiological process is acknowledged as hid-
den, the next question becomes how the postoperative record
samples it. The answer is not straightforward because clinical
data are not collected by a neutral measurement device. They
are generated within a care process that reacts to emerging
concern, to unit-level routines, to staffing patterns, and to
the availability of diagnostic resources. A lactate value exists



Table 3. Sources of Bias in Postoperative Data

Source Mechanism

Effect Example

Measurement bias
Treatment confounding
Documentation bias

Selective testing
Actions alter data
Subjective notes

Lactate ordered
Fluids reduce lactate
"Concern for leak”

Inflated signal
Mask severity
Leakage of suspicion

Sampling frequency Irregular timing Hidden signal ICU vs ward
Table 4. Sequential Modeling Approaches
Method Strength Limitation Use Case
Kalman filter  Efficient Linear assumption  Smooth trends
Particle filter  Flexible Expensive Nonlinear states
RNN models  Data-driven Opaque Multimodal fusion
Neural ODE  Continuous time Complex training  Irregular sampling

because someone ordered it or because a protocol required it.
A note exists because a clinician had something worth doc-
umenting or because a workflow demanded an entry. Imag-
ing appears because suspicion or routine surveillance justified
it. Missingness therefore contains information, but that in-
formation mixes biological state with institutional behavior.
This dual role of the observation process is one of the central
reasons retrospective prediction often overstates deployable
performance.

Let z; denote hidden physiological state and ygk)
vation in modality k& at time ¢. Let mgk) indicate whether
that modality is observed. A simple representation is

the obser-

y§’“) = p(®t, ag, cr) + €§k)

mgk) ~ Bernoulli(a((squt))
qat = [z, at, we]. (2)

Here a; denotes actions already taken and w; denotes work-

flow state such as unit type, monitoring protocol, or clinician

concern level. The crucial point is that mgk) depends not

only on hidden physiology but also on care delivery. Thus the
absence of a laboratory test is not just missing data in the
ordinary statistical sense. It is itself a response of the care sys-
tem to the current situation. If one ignores that dependence,
the model may treat measurement density as pure signal for
leak, when in reality it partly reflects clinician behavior. Such
confounding may still appear predictive in retrospective data,
but it weakens transportability and can generate self-fulfilling
alerts after deployment.

Irregular timing adds another layer of complexity. Structured
models often assume regularly spaced samples and use in-
terpolation or last-observation-carried-forward to fill gaps. In
postoperative surveillance, that assumption is clinically awk-
ward. The interval between measurements is meaningful. A
long gap may indicate stability, discharge trajectory, or low
unit acuity. A short gap may indicate bedside concern, proto-
colized monitoring, or recent intervention. It is therefore bet-
ter to represent the data as an event sequence with marked
time intervals rather than as a regular grid [22]. The event
representation preserves the fact that one measurement ap-
pearing four hours after the previous one conveys different
information than the same value appearing thirty minutes

later. Continuous-time models, marked temporal point pro-
cesses, and neural state-space systems are all mathematically
better aligned with this structure than static tabular encod-
ings.

Identifiability becomes problematic when leak-sensitive vari-
ables are also treatment-sensitive. Suppose a patient receives
fluid boluses and antibiotics because clinicians suspect dete-
rioration. Subsequent vital signs and laboratory values then
reflect both the underlying latent pathology and the inter-
vention. If the model sees only the post-intervention values,
it may underestimate latent severity because therapy has al-
ready partly attenuated the signal. If it sees the interven-
tions as features, it may learn that antibiotic initiation or
ICU transfer is predictive, which is true in retrospective data
but partly circular. The prediction system must therefore de-
cide whether it is estimating current untreated biological risk,
treated risk under current management, or risk conditional on
the care trajectory actually taken. These are different quan-
tities. Most models silently estimate the third because they
are trained on observational records. That is acceptable for
pragmatic surveillance only if one recognizes its limits and
handles actions explicitly.

Documentation channels differ in semantic density. Tabular
data such as white blood cell count, lactate, temperature,
heart rate, urine output, and vasopressor dose provide rela-
tively direct quantitative traces of physiology. Clinical text
contains richer local observations but also carries diagnostic
suspicion in explicit linguistic form. A note stating concern
for leak is not merely a predictor; it is evidence that clin-
icians have already formed a hypothesis. The same issue
arises with radiology reports. If a model is allowed to ingest
all documentation up to the recorded diagnosis time, it may
perform well by using language that effectively encodes hu-
man recognition. For early detection, the observation process
must therefore be censored in time and semantically filtered
where possible. Otherwise the model measures whether clin-
icians can name the problem, not whether the data support
earlier recognition than ordinary care.

Drain-related information occupies an intermediate category
between local and systemic signal. A change in drain charac-
ter, feculent output, or unexpected volume may be closer to
the anastomosis than any blood test, but it is also highly con-
tingent on whether a drain exists, where it lies, how it is doc-
umented, and how routinely it is assessed [9]. The presence



Table 5. Feature Types for Early Detection

Feature Type Example Temporal Role Importance
Baseline Albumin Prior Moderate
Trend Rising WBC  Dynamic High
Residual Deviations Relative High
Event-based ICU transfer Discrete Contextual
Interaction WBC + HR  Coupled High
Table 6. Information Gain from Clinical Actions

Action Cost Info Gain  Use Timing

Repeat labs Low Moderate Early uncertainty

Bedside exam Low  Moderate Continuous

CT imaging High High Elevated risk

Drain check Low High Local suspicion

of a drain itself reflects operative judgment and case com-
plexity. Thus drain features can be highly informative and
highly biased simultaneously. Similar comments apply to in-
traoperative perfusion imaging. When present, it offers direct
insight into tissue viability, yet its availability is procedure-
and institution-dependent. The observation process is there-
fore not just incomplete; it is differentially rich across cases.
Multimodal models must handle that heterogeneity without
converting modality availability into a surrogate for hospital
or surgeon identity.

The issue of identifiability can also be phrased geometri-
cally. Let the hidden postoperative state space include re-
gions corresponding to uncomplicated recovery, hemorrhage,
cardiopulmonary deterioration, infectious complications other
than leak, and leak itself. Observations are noisy projec-
tions from this hidden space into modality-specific measure-
ment space. Some projections overlap heavily. Early leak
may project onto a region nearly indistinguishable from ileus
with inflammatory stress, while later leak may move into a
more separable region. The goal of early detection is to ex-
ploit those dimensions along which the leak trajectory di-
verges earliest. These dimensions may not correspond to the
largest variance in the data. They may be low-amplitude
combinations of timing, persistence, and cross-modal corre-
lation. Consequently, unsupervised dimensionality reduction
that maximizes explained variance is not guaranteed to pre-
serve the information most relevant for early leak inference.

A practical response to these challenges is to model individu-
alized expected recovery and then analyze residual structure.
For patient i, let [i;; denote the expected measurement vector
under uncomplicated recovery, conditioned on baseline and
operative context. The residual e;; = y;; — [i;+ then captures
deviation from expected course. This changes the problem
from detecting absolute abnormality to detecting unexpected
abnormality. A modest leukocytosis may be unremarkable
after a long contaminated operation but concerning after a
clean, short reconstruction with otherwise stable physiology.
Residual modeling also helps with transportability because
expected-recovery models can be recalibrated by site more
easily than raw risk models whose thresholds are entangled
with local monitoring intensity.

Another important consequence of the observation-process
view is that performance metrics should distinguish between

biological and documentation lead time. An alert generated
before the diagnosis code appears may still be late if the rele-
vant note, imaging order, or clinical suspicion already existed
[23]. Therefore, a proper evaluation timeline should track op-
erative end time, first abnormal trend, first escalated bedside
concern, first diagnostic test specific to leak, formal diagno-
sis, and intervention. This fuller timeline allows one to ask
whether the model identifies cases before existing clinical es-
calation or merely around the same moment using parallel
evidence. Without such temporal granularity, the concept of
early detection becomes ambiguous and can be overstated.

The observational layer therefore imposes a demanding but
tractable requirement: the model must treat data acquisition
as part of the signal, yet avoid mistaking care-process arti-
facts for universal biology. That balance is difficult, but it is
central. A system that ignores the observation process will
often be numerically impressive in development and disap-
pointing in deployment. A system that explicitly represents
measurement timing, missingness, action history, and individ-
ualized deviation has a better chance of identifying the weak
but genuine structure that precedes overt leak recognition.

4. Sequential State Estimation and Information
Gain

Once leak surveillance is formulated as inference on a hidden
dynamical process, the most natural mathematical object be-
comes the filtered posterior over current latent state. The
question is not whether the patient belongs to a fixed class,
but what the present distribution over healing integrity and
leak activity looks like given all observations so far. In this set-
ting, sequence order matters intrinsically. A high white blood
cell count after declining values means something different
from the same count on a monotonic downward trajectory.
A lactate level that fails to normalize after resuscitation has
a different implication from a brief postoperative spike that
resolves. Early detection is therefore best treated through
state estimation rather than through one-shot classification.

Let x; denote the latent postoperative state, u; the inter-
vention history, ¢ static context such as procedure type and
baseline reserve, and o; the multimodal observation at time



Table 7. Alarm Policy Tiers

Tier Risk Range Action Goal

Low < 0.2 Observe Stability

Moderate 0.2-0.5 Re-evaluate Reduce uncertainty
High 0.5-0.8 Imaging Diagnose early
Critical > 0.8 Escalate care Immediate action

Table 8. Evaluation Metrics for Surveillance

Metric Definition Strength Limitation

AUC Discrimination  Standard Ignores timing
Lead time Alert advance  Clinical value Label dependent
Calibration Prob accuracy Decision support  Sensitive to shift

Alert burden  Alerts/day Workflow impact  Context-specific

t. A continuous-time or discretized state-space representa-
tion can be written as

TeyA = Faze + Gaue + b(c) + &
ot = Hexy + Jrut + ¢

p(1 | F) o plor | 1) / Pt | 2t a)p(@r-n | Fia)deia.
3)

This compact expression encompasses a broad family of fil-
ters. Linear-Gaussian assumptions yield Kalman-type up-
dates. Nonlinear physiology and non-Gaussian noise moti-
vate particle filters, variational state-space models, neural or-
dinary differential equations, or recurrent latent-variable sys-
tems. The specific estimator matters less than the conceptual
separation between biological evolution and observation for-
mation. That separation allows uncertainty to be updated
recursively as new data arrive, which is essential when evi-
dence is sparse and interventions have already modified the
trajectory.

The posterior quantity of direct clinical interest is often the
instantaneous or near-term leak probability m = P(Ly = 1 |
Ft), where L; is a binary latent indicator of meaningful anas-
tomotic failure. Yet in practice, it is often preferable to esti-
mate a graded state reflecting proximity to clinically relevant
dehiscence rather than a sharp binary variable [4]. Binary
formulations are attractive for decision thresholds, but they
can encourage the model to learn abrupt transitions where
the underlying process is gradual. A continuous latent sever-
ity scale permits more realistic representation of preclinical
deterioration, after which binary alarm rules can be applied.
This approach also handles label ambiguity more gracefully
because chart-verified diagnosis times are only imperfect prox-
ies for biological onset.

Hazard-based modeling offers another useful perspective. Let
7 be the latent onset time of meaningful leak activity. Then
one may define a time-varying hazard

At = Ao(t) exp <9T¢t + wTC)

t
Ry =1—exp (7/ )\sds>
0

e =P(r <t|F). (4)

Here ¢ encodes trajectory summaries, cross-modal interac-
tions, and observation-process features accumulated up to
time ¢t. The value of this framing is that it explicitly treats
onset as a time-indexed event and makes it possible to dis-
tinguish the risk that onset has already occurred from the
risk that diagnosis will eventually be made. For postopera-
tive surveillance, that distinction is clinically meaningful. A
patient can have high probability that leak activity has be-
gun while still lacking definitive imaging, and that interval is
exactly where early detection aims to add value.

However, onset labels are rarely observed directly. Recorded
diagnosis times are delayed and influenced by clinician deci-
sions, imaging access, and documentation. One response is
to treat the diagnosis indicator as a delayed observation of
the latent onset process rather than as the onset itself. If d;
denotes the time at which leak becomes formally recognized,
then training can proceed by allowing a learned delay distribu-
tion between onset and documentation. Hidden Markov mod-
els, interval-censored survival models, or positive-unlabeled
objectives are all reasonable tools for that purpose. The key
is to prevent the system from learning that the complication
starts only at the moment of formal recognition. Without
this adjustment, models optimized on delayed labels tend to
overvalue late-stage features that are poor instruments for
genuinely early surveillance.

An information-theoretic view becomes helpful when decid-
ing which measurements carry the most incremental value at
a given moment. Suppose the model can recommend addi-
tional tests or closer surveillance. The relevant quantity is no
longer only the current posterior 7y, but the expected reduc-
tion in uncertainty if a particular observation were obtained.
Let a denote a candidate information-gathering action, such
as repeat lactate testing, contrast-enhanced imaging, or se-
nior bedside review with structured documentation [15]. One
may define the expected information gain

Ii(a) = E[De (p(Le | Fi1) | p(Le | Fo))|Fi]

p(f | Fit1)

=K Z p(Z\ff+1)logW

£e{0,1}

(5)

This quantity formalizes the intuitive idea that some tests are
most useful not because they directly treat the patient, but
because they sharply clarify whether the patient is drifting



Table 9. Transportability Challenges

Factor Variation Source Risk Mitigation
Workflow Hospital policy Bias shift Recalibration
Data density ICU vs ward Signal distortion  Time-aware models
Documentation  Style differences  Leakage Text filtering
Protocols ERAS adoption  Drift Continuous monitoring
Table 10. Multimodal Fusion Strategies
Strategy Mechanism Advantage Limitation
Early fusion Concatenation Simple Loses structure
Late fusion  Separate models Robust Weak interaction
Attention Weighted focus  Adaptive Complex
Hierarchical ~Context-aware Clinically aligned Design effort

toward leak. An early surveillance system is more clinically
credible when it can identify not only elevated risk but also
which next observation is expected to be most informative
relative to its cost and invasiveness.

The signal relevant for early detection often lies in devia-
tions from expected uncomplicated recovery rather than in
raw measurements. For that reason, sequential models should
estimate two related posteriors: one over the latent pathol-
ogy state and one over the latent recovery baseline. Let
T represent the counterfactual trajectory under uncompli-
cated healing for the same patient and operative context.
The residual process r1 = x; — Z; then captures pathological
divergence. Filtering on r; rather than on z; alone can mate-
rially improve early sensitivity because it suppresses large but
expected postoperative perturbations. A physiologically ordi-
nary first-day leukocytosis after major pelvic surgery should
not dominate the posterior if it is compatible with the pre-
dicted recovery course. By contrast, mild but persistent de-
viation across several channels may become more prominent
because it is unexpected.

Change-point formulations are also useful. Rather than ask-
ing when the posterior leak probability exceeds a threshold,
one may ask whether the postoperative trajectory has under-
gone a structural transition from expected healing dynamics
to leak-compatible dynamics. Let pg(o: | F;-) denote predic-
tive density under uncomplicated recovery and pj(o; | Fi-)
under leak-perturbed recovery. Then cumulative evidence for
a change can be summarized by

t
_ pi(os | Fs-)
5= \max D log o F
Ty =inf{t: S; > A}. (6)

This perspective is advantageous because it naturally encodes
persistence. A single noisy laboratory value rarely moves the
cumulative evidence far, whereas sustained divergence across
time steadily raises S;. For bedside care, that property is
desirable. It mirrors the way experienced clinicians become
more concerned when several minor irregularities persist or
align rather than when one isolated value briefly crosses a
threshold.

Representation learning can be inserted into this sequential
framework by using self-supervised objectives that predict

future observations under uncomplicated recovery and then
measuring forecast residuals. If a model learns the ordinary
postoperative dynamics of heart rate, inflammatory markers,
renal function, and unit transitions, then unusual forecasting
error itself may become a signal for early complication. Leak
detection can then be posed as a second-stage problem on
the residual trajectory and its structure. This two-step view
has an appealing logic. The first stage learns the geometry of
normal recovery. The second stage asks whether the patient
is leaving that geometry in a leak-compatible direction [10].
The approach is especially relevant when leak cases are rare
but uncomplicated recoveries are abundant.

The deeper implication of sequential state estimation is that
probability alone is not enough. The model must also quan-
tify uncertainty arising from sparse data, irregular observa-
tion, and subgroup-specific extrapolation. A probability of
0.35 generated from dense multimodal evidence is differ-
ent from the same probability generated from a sparse ward
record with few measurements. In the first case, the appro-
priate action may be immediate imaging. In the second, it
may be intensified measurement to reduce uncertainty. Un-
certainty therefore interacts directly with surveillance policy.
Methods such as ensembles, Bayesian filtering, approximate
posterior distributions, and conformal prediction are not an-
cillary technical embellishments. They are central because
early detection often happens in the region where evidence is
still ambiguous.

The sequential perspective also reshapes what a useful output
looks like. Instead of a once-daily risk score, the system can
provide a trajectory of posterior leak probability, estimated di-
vergence from expected recovery, dominant sources of infor-
mation gain, and confidence intervals reflecting data sparsity.
Such output is more aligned with the temporal nature of the
clinical question. The bedside team is not deciding in a vac-
uum whether the patient will ever leak. It is deciding whether
the current direction of travel justifies changed management
before the next ordinary checkpoint. State estimation, hazard
modeling, information gain, and change-point logic together
form a coherent mathematical basis for that decision.



5. Multimodal Representation and Causal Ad-
justment

The postoperative leak problem is multimodal because its
earliest clues occupy different channels with different causal
roles. Structured physiology represents the systemic conse-
quences of local failure. Operative descriptors encode pre-
conditions for poor healing. Text captures clinical nuance,
local examination findings, and evolving concern. Imaging
and perfusion assessments may reveal spatial or vascular de-
tail unavailable in standard records. The critical challenge is
not only to combine these modalities, but to combine them
without erasing their distinct temporal and causal meanings
[7]. A high-quality representation for early surveillance must
be able to recognize that a rising inflammatory trajectory,
an operative note suggesting marginal tissue perfusion, and
a new description of foul drain output should not be treated
as interchangeable inputs, even if all three push the posterior
toward concern.

A modular representation strategy is therefore preferable to
indiscriminate concatenation. Structured time series can be
encoded by continuous-time recurrent units, temporal con-
volutions, or state-space layers that preserve event timing
and sampling intervals. Operative notes and postoperative
text can be embedded by language models that are adapted
to perioperative semantics but constrained by temporal cen-
soring. Imaging or intraoperative perfusion signals can be
encoded by spatial models whose outputs are projected into
a common latent clinical space. Fusion then occurs through
gated or cross-attentive mechanisms conditioned on elapsed
time, baseline context, and uncertainty. In such a design, the
model is not forced to treat every modality as equally reliable
at every moment. Instead, it learns when a modality is infor-
mative, when it is missing in a meaningful way, and when it
may be unavailable because clinicians have not yet escalated
the workup.

The representation should also preserve the distinction be-
tween local and systemic evidence. Operative text that men-
tions tenuous blood supply or challenging pelvic exposure is
not evidence that leak has occurred; it is evidence that the
anastomosis began with higher vulnerability. By contrast, a
persistent postoperative lactate elevation or secondary inflam-
matory rise is evidence that the latent trajectory may already
be diverging. These two types of information should occupy
different positions in the model: one as prior-shaping context,
the other as dynamic evidence. If they are simply pooled into
a single vector, the model may overstate the significance of
baseline vulnerability at the expense of real-time change, or it
may ignore important prior structure when interpreting mod-
est postoperative deviations. A causally coherent architecture
lets baseline features initialize the prior distribution over la-
tent healing dynamics, after which dynamic measurements
update that distribution.

Text introduces special opportunities and risks. Surgeons and
nurses often describe phenomena that are not easily captured
in structured fields, such as escalating abdominal distension,
drain odor, tenderness pattern, or a qualitative sense that
the patient is not following the expected course. Such ob-
servations can be highly informative for early detection. Yet
clinical language also directly transmits suspicion, and that
suspicion is itself an intervention in the care process. A note
that explicitly mentions concern for leak or orders a scan is
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not merely passive evidence; it marks a point at which human
decision-making has already identified the possibility. There-
fore, the safest text strategy for model development is to use
temporally early notes, to strip explicit diagnostic labels when
possible, and to decompose language into factual findings,
uncertainty cues, and clinician assessment. This encourages
the model to learn the language of postoperative deviation
rather than the language of post hoc recognition [5].

Multimodal learning must also confront treatment confound-
ing. A patient who receives aggressive fluids, broad-spectrum
antibiotics, or ICU-level monitoring will generate a different
data stream than an otherwise identical patient managed ex-
pectantly. Those actions both respond to perceived risk and
alter the physiology later observed. If the model ignores treat-
ment history, it conflates treated and untreated trajectories.
If it uses treatment variables as ordinary predictors, it may
learn that clinician concern itself is the signal. The causal
target must therefore be chosen deliberately. One option
is pragmatic prediction of leak under the observed manage-
ment pathway. Another is estimation of latent leak status
net of current treatment effects. The former aligns with op-
erational forecasting; the latter aligns more closely with bio-
logical surveillance. A sophisticated system may need both
quantities: one to forecast likely outcomes under current care,
another to estimate underlying untreated severity.

A causal formalization clarifies the issue. Let L; denote latent
leak activity, A; interventions, Y; observations, and H; the
observed history. Then

Y = f(Le, A, Hi- ) + €
Ay = g(Ht,vt)

Uy =E[Lt | do(Ao:t = ab.e), Hel - (7)
The observational record identifies E[L; | H¢] only indi-
rectly and under assumptions. Yet the expression shows
why action history must be modeled: current observations
are downstream of both leak activity and prior intervention.
Inverse-propensity weighting, marginal structural models, g-
computation, representation balancing, and doubly robust
objectives can each be used to reduce bias when estimating
the impact of interventions on observability or when sepa-
rating concern-driven actions from biology-driven changes.
None eliminates unmeasured confounding completely, but
each is preferable to silently ignoring the feedback loop.

A related challenge is label leakage through near-diagnostic
modalities. Imaging, drain cultures, and operative text may
contain highly specific information that becomes available
only once clinicians have effectively entered the diagnostic
phase. Training on these modalities without careful time cen-
soring yields impressive retrospective performance but weak
genuine early detection. One way to preserve their value
without contaminating the task is to use them as auxiliary
supervision rather than as synchronous predictors. For ex-
ample, when postoperative imaging is available, its interpre-
tation can supervise latent representations of earlier struc-
tured data, teaching the model which earlier patterns tend to
precede spatial evidence of leak. In this semi-supervised ar-
rangement, late-specific modalities shape the representation
without being allowed to dominate the immediate prediction
in a way that would be unavailable in real use [2].

Cross-modal attention can be made clinically more coher-
ent by conditioning it on uncertainty and phase of recovery.



During the first hours after surgery, operative context and
perfusion-related measurements may deserve higher weight
because inflammatory variables are still dominated by routine
stress response. Later, the relative weight may shift toward
persistence of inflammatory deviation, hemodynamic instabil-
ity, delayed gastrointestinal recovery, and note-derived local
findings. A fixed fusion rule across all postoperative phases is
unlikely to be optimal. The same is true across anatom-
ical procedures. A low pelvic anastomosis and an upper
gastrointestinal reconstruction do not project leak into the
data stream in identical ways. Therefore, hierarchical con-
text conditioning is advantageous: a global representation
captures generic postoperative physiology, while procedure-
specific adaptation layers adjust how modalities are inter-
preted.

The geometry of the learned latent space matters greatly.
Ideally, uncomplicated recoveries should cluster along smooth
trajectories parameterized by procedure and reserve, while
leak-prone trajectories diverge in directions reflecting dis-
tinct phenotypes such as contained pelvic failure, diffuse sep-
tic contamination, or perfusion-dominant dehiscence. Con-
trastive objectives, temporal neighborhood preservation, and
phase-conditioned triplet losses can help organize the space.
Yet these techniques should be supervised by temporal valid-
ity. It is not enough that leak cases end up separate from
nonleak cases; they must diverge early enough and in a way
that is stable under site shift. Latent representations that sep-
arate cases only after clinicians have already escalated care
are of limited bedside value.

Interpretability should arise from model structure rather than
from retrospective explanation overlays alone. A useful mul-
timodal surveillance system can expose how much of the cur-
rent posterior comes from baseline vulnerability, from sys-
temic physiological divergence, from documentation of local
findings, and from care-process signals. It can also report
which uncertainty sources dominate: sparse data, modality
disagreement, subgroup extrapolation, or poor calibration in
the current procedure class. Such decomposition is more in-
formative than a generic heat map of feature importance
because it aligns with clinical reasoning. Surgeons and in-
tensivists do not usually think in terms of arbitrary predictor
weights; they think in terms of whether the patient's current
course is unexpected, whether the operative setting created
fragility, and whether new observations support or contradict
prior concern.

The multimodal and causal layers therefore converge on a
single principle: representation learning for leak surveillance
must preserve where information comes from, when it be-
comes available, and how care decisions have already shaped
it. Models that flatten these distinctions may still obtain
strong numerical results, but their predictions are harder to
interpret and less likely to remain valid outside the develop-
ment environment. By contrast, architectures that encode
causal role, temporal phase, modality reliability, and inter-
vention dependence are better positioned to infer leak early
without confusing clinical suspicion, resource utilization, and
underlying biology [8].

6. Alarm Policy, Utility, and Human Oversight

A surveillance model becomes clinically consequential only
when its posterior estimates are converted into recommen-
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dations or actions. This conversion is not a secondary im-
plementation detail. It is the stage at which probabilistic
reasoning enters a workflow already constrained by staffing,
diagnostic access, procedure-specific risk tolerance, and the
consequences of false escalation. For anastomotic leak, the
asymmetry of error is obvious. Delayed detection can cul-
minate in sepsis, reoperation, organ failure, and prolonged
hospitalization. Excessive false alarms can lead to unneces-
sary imaging, low-value antibiotic exposure, prolonged length
of stay, invasive procedures, alarm fatigue, and eventual loss
of trust in the system. The design of alarm policy must there-
fore be explicit, mathematically defensible, and sensitive to
the fact that the optimal response to uncertainty is often
information acquisition rather than immediate intervention.

Let A denote a set of available actions such as continued
observation, repeat laboratory testing, intensified bedside re-
view, cross-sectional imaging, interventional consultation, or
urgent surgical reassessment. Given filtered information F;
and posterior leak probability 74, an action rule can be written
as

¥ = inE[C(a, L Fi
a; = arg min [Cla, Lt, s¢) | Fi)

(8)

=argmin Y Cla,,s0)P(Le =L | Fp).
“ te{0,1}

Here s¢ denotes contextual state, including current physiolog-
ical reserve, procedure class, diagnostic resource availability,
and perhaps even discharge proximity. The same posterior
probability can imply different optimal actions in different
states. A moderate estimated probability in a frail patient
with low reserve and rising inflammatory drift may justify im-
mediate imaging. The same probability in a clinically robust
patient with sparse data may justify repeat measurements and
focused examination before exposing the patient to contrast
and transport.

Because postoperative data are noisy, single-threshold poli-
cies tend to oscillate. A risk estimate may rise transiently
after pain, mobilization, or fluid shifts and then fall again.
To reduce instability, alarming should depend on cumulative
or smoothed evidence rather than on an instantaneous score
alone. One can define a persistence-weighted risk

t

T = / K(t — s)msds
0

T*

inf{t : 7 > F(St)}. (9)
The kernel k discounts distant evidence while preserving the
contribution of recent sustained concern, and I'(s¢) allows
context-specific thresholds. This construction captures a clin-
ically sensible principle: persistent moderate concern over
several hours may be more actionable than a single brief spike
to a higher value. It also helps align alerts with the way bed-
side teams reason, since they often become more worried
about trajectories than about isolated numbers.

A dynamic programming perspective further clarifies the role
of information gathering. Suppose the system can either con-
tinue observing, request an additional low-cost test, or trigger
a high-cost diagnostic or therapeutic action. Then the value



function for optimal management can be expressed as [11]

Vi(F;) = min {co +E[Vii | Fil,
cg + E[Viy1 | Fi,ar = gather],

Cmﬂ't-i-Cf(l—Tl't)}. (10)
The first term corresponds to continued observation, the sec-
ond to deliberate acquisition of more evidence, and the third
to immediate major escalation such as imaging or urgent re-
view with action-specific costs ¢m and cy. This represen-
tation is useful because it formalizes a point that is often
implicit in clinical care: the best response to moderate pos-
terior risk may be to acquire information rapidly rather than
to act as though the diagnosis were already certain. For early
leak detection, that intermediate layer is especially valuable
because the complication is serious enough that waiting pas-
sively may be unsafe, yet uncertain enough that definitive
intervention may still be disproportionate.

Alarm policy should ideally be tiered rather than binary. Low-
tier alerts can prompt focused reassessment, earlier repeat
measurements, or senior awareness. Intermediate-tier alerts
can recommend imaging or interventional review. High-tier
alerts can suggest immediate escalation or operative recon-
sideration. Such grading reduces the cognitive burden as-
sociated with all-or-none alarms and permits the model to
respond proportionally to uncertainty. It also makes calibra-
tion more operational, because different posterior bands map
onto different resource commitments. In that setting, cali-
bration errors have concrete consequences. Overestimation
in the intermediate tier may flood imaging pathways. Un-
derestimation in the high-risk tier may delay source control.
Therefore, a surveillance system should report not only dis-
crimination but band-specific calibration and action yield.

Human oversight is not merely a safeguard; it is part of the
control loop. Clinicians interpret the alert against informa-
tion the model may not have captured well, such as nuanced
physical examination, intraoperative memory, or evolving so-
cial constraints affecting diagnostic feasibility. At the same
time, the model may detect weak multivariate divergence that
is easy to miss in a busy ward environment. The most sen-
sible arrangement is therefore cooperative, not substitutive.
Alerts should invite structured confirmation or contradiction.
The clinician can accept, defer, override, or annotate the sig-
nal. Those responses can then be logged and used to study
whether the model is systematically overreacting to certain
patterns or missing others. In other words, bedside adjudica-
tion is itself an informative observation that can refine future
policy [12].

Trust enters the problem because repeated low-value alerts
alter future behavior. A formally optimal threshold computed
from retrospective costs may still be suboptimal once clinician
adherence is considered. Excessive false positives decrease
compliance, while a few timely accurate alerts can increase
willingness to act on uncertainty. This means the effective
cost function is partly endogenous to the history of model per-
formance and user experience. Although difficult to encode
precisely, one can approximate this by including alert burden
and acceptance rate in the objective used to choose thresh-
olds. Pragmatically, prospective silent deployment followed
by staged rollout is often needed to estimate these behavioral
effects before fully operationalizing alerts.
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The timing of action relative to clinical workflow also mat-
ters. An alert that appears when no one is readily avail-
able to act, or after routine rounds have already passed, may
have less effect than an alert delivered at a decision-rich mo-
ment. Similarly, the same alert may need different wording
for nursing staff, residents, and attending surgeons. A bed-
side nurse might receive a message emphasizing reassessment
of abdominal findings and drain quality, whereas the surgical
team might receive a summary of risk trajectory and domi-
nant contributing deviations. The content and recipient of
the alarm are therefore elements of the policy, not just of the
interface. Poor routing can convert a valid posterior estimate
into inaction.

It is also important to distinguish between recommending di-
agnosis and recommending therapy. A system should be cau-
tious about directly recommending invasive therapeutic ac-
tions unless prospectively validated for that purpose. In con-
trast, recommending intensified review or diagnostic imaging
at elevated risk is more defensible because it acknowledges
uncertainty while still responding to it. This is particularly
appropriate in early leak surveillance, where the main ben-
efit may come from shortening the interval between latent
divergence and confirmatory evaluation. By narrowing that
interval, the system may influence severity at diagnosis even
if it does not prevent every leak event.

The alarm layer thus connects statistical inference to clinical
consequences. Its design must respect persistence, uncer-
tainty, asymmetry of error, workflow timing, and the fact
that information gathering can itself be the optimal action.
Without this layer, posterior probabilities remain analytically
interesting but operationally incomplete. With it, early detec-
tion becomes a disciplined process of deciding when accumu-
lating evidence is sufficiently strong, sufficiently persistent,
and sufficiently actionable to justify changing the ordinary
postoperative trajectory [18].

7. Transportability, Validation, and Adaptive
Deployment

No matter how elegant the latent-state formulation or how
refined the alarm policy, a surveillance model is not clinically
credible unless it remains valid when moved across time, insti-
tutions, and user behavior. Anastomotic leak models are par-
ticularly vulnerable to transport failure because many predic-
tors are entangled with workflow. Unit assignment, laboratory
frequency, drain practice, documentation style, enhanced-
recovery protocols, and threshold for imaging vary substan-
tially across hospitals and even across surgical teams within
the same hospital. These differences do not merely shift the
marginal distributions of features; they alter the causal path-
way by which leak becomes observable. As a result, retro-
spective single-center performance may say less about true
generalizability than it initially appears.

Validation must therefore begin with the target estimand.
If the model aims to estimate eventual leak diagnosis from
data up to postoperative day one, then ordinary time-fixed
discrimination has some meaning. If the goal is early detec-
tion of latent failure before current practice would ordinarily
escalate, then evaluation must be aligned to that objective.
The decisive metrics are lead time before clinical suspicion or
confirmatory testing, sensitivity at clinically tolerable false-



alert rates, calibration within actionable risk bands, alert bur-
den per patient-day, and yield of triggered diagnostic actions.
Global area under the curve can still be reported, but it can-
not serve as the primary criterion because it is insensitive to
whether the signal arrived early enough to matter.

Temporal validation should therefore be constructed around
postoperative landmarks and clinical events. Performance can
be assessed at 6, 12, 24, and 48 hours after surgery, with
strict censoring of inputs unavailable by each landmark. A
more clinically rigorous approach is rolling prospective replay,
in which each patient’s record is reconstructed as an event
stream and the model is evaluated on when it would have
alerted relative to actual bedside suspicion, imaging order,
diagnosis note, and intervention. Such replay makes it possi-
ble to separate administrative lead time from meaningful lead
time. An alert that precedes the diagnosis code by ten hours
but follows the first leak-directed scan order by eight hours is
not genuinely early in the operational sense. This distinction
is central to honest evaluation.

Calibration deserves equal weight because alarm policies de-
pend on probability thresholds. Dynamic calibration should
be checked across postoperative phases, not only in aggre-
gate. A model can be well calibrated overall yet systemati-
cally overestimate risk in the immediate postoperative period
and underestimate it later, or vice versa. Band-specific cali-
bration is especially important when risk tiers map to different
actions. Let B; denote the set of predictions in band b and
7 a prediction horizon [21]. Then a phase-specific calibration
error can be expressed as

B
ECE, = 1Bs] freq..(Bp) — conf(By
N T
b=1

. _ 1 diag
LeadTlme—N—+ Z (T; (11)

alarm
PoE =T L
i:L;=1
These quantities jointly describe whether the model is numer-
ically trustworthy and whether it alerts with clinically useful
advance notice. Reporting one without the other is insuffi-
cient.

External validation should ideally use internal-external cross-
validation across several hospitals or surgical services. In
such a design, the model is repeatedly trained on all but one
site and tested on the held-out site. This approach reveals
whether the representation has captured physiological struc-
ture or merely local practice. Temporal holdout is also neces-
sary because protocols change. Enhanced-recovery pathways
alter fluid management, feeding schedules, mobility, and ex-
pected laboratory trajectories. New perfusion technologies
alter baseline operative risk. If the model degrades sharply
across eras, it likely depends too heavily on historically con-
tingent workflows. Site and era are therefore not nuisances
to be averaged away. They are stress tests of whether the
model has learned something transportable.

Fairness analysis should move beyond broad demographic
comparisons of discrimination and examine the distribution
of missed early detections, false alarms, and calibration er-
rors across clinically relevant subgroups. Procedure type, di-
version status, emergent versus elective setting, nutritional
vulnerability, frailty, and anatomical location may matter as
much as age or sex. A model could achieve similar overall
discrimination across groups while still delivering shorter lead

13

time in one subgroup and frequent low-value alerts in an-
other. Such disparities matter because surveillance systems
influence who receives diagnostic attention. If a subgroup
systematically gets later alerts or more uncertain estimates,
the system may amplify existing inequities in postoperative
rescue.

Adaptive deployment requires monitoring for dataset shift af-
ter rollout. Once clinicians begin responding to alerts, the
data-generating process changes. Repeat testing may become
more frequent. Imaging may occur earlier [14]. Documen-
tation may explicitly reference model concern. These adap-
tations can improve care and simultaneously destabilize the
model. A responsible deployment therefore includes ongoing
surveillance of feature distributions, missingness patterns, cal-
ibration curves, subgroup performance, and alert acceptance
rates. When shifts are detected, recalibration or partial re-
training may be necessary. This is not evidence of failure; it
is a predictable consequence of introducing an active system
into a learning health environment.

Prospective deployment should proceed in stages. Silent
mode allows the institution to measure real-time calibration
and alert burden without changing care. Assisted mode can
then expose alerts to clinicians while leaving the response
discretionary and heavily audited. Only after these stages
should one assess outcome impact through pragmatic inter-
ventional designs. The relevant outcomes include time to
leak-directed imaging, severity at diagnosis, unplanned ICU
transfer, need for urgent reoperation, burden of unnecessary
imaging, and clinician workload. It is possible that the main
benefit of surveillance will be a reduction in severity at recog-
nition rather than a reduction in leak incidence itself. Evalu-
ation should be open to that possibility.

Digital infrastructure is another determinant of deployabil-
ity. Real-time leak surveillance depends on reliable times-
tamps, robust mapping of operative end time, consistent pa-
tient identity resolution, normalization of laboratory units,
handling of delayed note finalization, and identification of
genuine missingness versus pipeline failure. These are often
treated as engineering details, but they directly affect infer-
ence. A model expecting minute-level vital signs cannot be
safely deployed if ward data arrive in delayed batches. A
model using note-derived local findings cannot function well
if notes are finalized many hours after bedside events. High-
quality deployment therefore requires that the measurement
architecture be aligned with the assumptions of the modeling
architecture.

Transportability also depends on whether the model’'s domi-
nant evidence sources remain clinically sensible after reloca-
tion. If the model originally relied heavily on ICU admission,
lactate ordering frequency, or particular note phrases, then
those features may fail elsewhere even if formal recalibra-
tion is applied. Explainability audits across sites can reveal
whether the system is still basing alerts on coherent physio-
logical divergence or whether it has shifted toward local doc-
umentation artifacts [13]. These audits are especially valu-
able in leak surveillance because care-process predictors are
both strong and brittle. A system whose internal reasoning
changes dramatically across hospitals is less trustworthy than
one whose performance varies modestly but whose evidence
structure remains stable.

The deeper message is that early leak detection cannot be
validated in a purely static manner. The target, the labels,



the workflow, and the data stream all evolve. A robust model
must therefore be treated as an adaptive instrument embed-
ded in practice, not as a finished artifact whose retrospec-
tive score settles its clinical worth. Transportability, fairness,
calibration, and postdeployment drift are not afterthoughts.
They are constitutive of whether the system has any realistic
chance of improving postoperative rescue.

8. Conclusion

The problem of early anastomotic leak detection is best char-
acterized as sequential inference on a partially observed post-
operative dynamical system. Local tissue failure develops
before it becomes diagnostically obvious, and the evidence
that eventually reveals it is distributed across heterogeneous
channels that are themselves shaped by treatment, workflow,
and institutional routine. For that reason, clinically useful
surveillance requires more than a static risk score. It requires
representation of latent healing dynamics, explicit modeling
of observation timing and missingness, accommodation of
treatment-induced confounding, and translation of posterior
risk into graded action policies that acknowledge uncertainty
and resource constraints.

A coherent technical framework follows from that premise.
Baseline operative and patient factors define a prior over heal-
ing vulnerability. Dynamic physiological and contextual ob-
servations update that prior through continuous-time state
estimation, hazard modeling, and change-detection logic.
Multimodal evidence must be fused in a way that preserves
causal role and temporal availability. Alarm policies must re-
ward persistence and actionable lead time rather than instan-
taneous severity alone. Validation must focus on calibration,
transportability, subgroup behavior, and the practical interval
between model alert and ordinary clinical recognition. De-
ployment must be adaptive because clinician responses alter
the future data stream and therefore the validity of the model
itself.

Under this view, the central question is not whether post-
operative records can predict eventual leak status in hind-
sight. The central question is whether accumulating evidence
can identify clinically meaningful divergence from expected
recovery before overt deterioration becomes the dominant
source of signal. Answering that question demands methods
that are biologically informed, statistically careful, and opera-
tionally realistic. Progress is likely to come from systems that
treat physiology, data acquisition, causal structure, and bed-
side decision-making as components of the same surveillance
problem rather than as isolated technical layers [19].
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