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Abstract
Postoperative prediction models are often judged by a narrow set of performance numbers, yet those numbers are
produced inside a data system with limited event counts, incomplete measurements, and outcomes that are not
directly observed but inferred from coded and procedural traces. Anastomotic leak prediction is a clear example.
The event is uncommon, the first postoperative day contains only partial evidence, and the label used for training
usually combines diagnosis codes with downstream clinical actions. Under these conditions, the practical mean-
ing of a model depends not only on ranking ability, but also on how sensitive the reported results are to outcome
definition, threshold placement, and the hospital’s own pattern of observation. This paper presents an empirical
re-analysis of an early leak prediction experiment using structured perioperative records. The analysis reconstructs
model operating points from the published held-out metrics and then subjects them to three stress tests. The first
examines how modest phenotype misclassification changes estimated prevalence, precision, and recall. The second
studies the effect of observation-dependent variables such as intensive care placement and selectively measured lab-
oratories on the stability of feature importance and thresholded decisions. The third examines how prevalence shifts
across hospitals alter the positive predictive value of the same score, evenwhen ranking quality is unchanged. Across
these analyses, the main result is that the stronger nonlinear models remain informative, but their reported perfor-
mance should be read as conditional on a specific label construction and a specific monitoring environment. The
study therefore argues for empirical reporting practices that make those conditions explicit rather than presenting
thresholded performance as if it were transportable without adjustment.

1. Introduction
Prediction work in surgery often moves quickly from technical feasibility to claims about usefulness [1].
That move is understandable. The complications being studied are clinically serious, and a model that
appears to identify elevated risk early enough to matter will naturally draw attention. The difficulty is
that the path from statistical promise to dependable interpretation is narrower than the usual summary
table suggests. In low-frequency postoperative outcomes, the model is built on a record that is already
filtered through how clinicians observed the patient, when they ordered tests, when they escalated care,
and how they later encoded the outcome. What looks like a single classification problem is therefore a
mixture of at least three distinct problems. One problem concerns whether the event can be separated
from non-event cases using features available early in the hospital course. A second concerns whether
the event definition itself is stable enough that the model is learning the complication rather than the
documentation pattern around the complication. A third concerns whether the threshold that looks rea-
sonable inside one held-out set would preserve the same meaning in a setting with different prevalence,
different measurement frequency, or different care intensity. These are all empirical questions. They are
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not philosophical objections to modeling. They are conditions that determine what the reported numbers
actually mean.

Anastomotic leak after colorectal surgery is especially suited to this kind of scrutiny. The event usu-
ally emerges several days after the operation, but the first postoperative day already contains physiologic
changes, laboratory values, and care-location transitions that may carry information about who will later
deteriorate. This makes the problem analytically attractive. It also makes it vulnerable to overinterpre-
tation. A model using only early structured data does not observe the leak directly. It observes partial
signs of tissue stress, inflammatory activation, perioperative instability, and the hospital response to
those states [2]. If the label used for supervised learning is itself a composite of diagnostic coding and
downstream interventions, then both sides of the learning problem are already shaped by institutional
process. The model can still be useful under those conditions [3]. It simply cannot be interpreted as
though it were mapping cleanly from patient biology to a noise-free endpoint [4].
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Figure 1: Outcome perturbation view of the composite leak phenotype. A latent clinical complication is converted
into recorded labels through asymmetric false-negative and false-positive pathways, so reported precision, recall,
and calibration depend not only on discrimination but also on phenotype construction and coding-supported cor-
roboration.
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Figure 2: Threshold dependence of rare-event surgical prediction. Concentrated nonlinear score tails support
smaller selected high-risk sets with stronger precision, whereas diffuse score distributions expand the positive set
and raise recall at the cost of many more flagged admissions. The selected fraction becomes an important opera-
tional quantity alongside AUC.

The usual performance summaries are not well designed to expose that issue. AUC is threshold-free,
which is useful, but it does not show how much the selected positive set depends on a narrow group
of cases near a cutpoint. Precision and recall show that trade-off at one threshold, but without a direct
account of how the outcome was defined or how a hospital’s observation process enters the feature
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Figure 3: Observation dependence in the first postoperative day. The model does not consume latent physiology
directly; it receives an observed vector shaped by whether tests were drawn, when they were drawn, and how inten-
sively the patient was monitored. This makes feature importance partly a property of hospital process as well as
clinical state.
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Figure 4: Prevalence transport under a fixed operating threshold. Even when score ranking remains useful, the same
alert threshold changes clinical meaning across hospitals because positive predictive value is prevalence-sensitive.
A threshold chosen in one institution may become too permissive or too conservative elsewhere.

space, those quantities can look more stable than they are. Calibration metrics are helpful, but even
they remain conditional on the event definition that generated the observed labels. If a proportion of
true leaks are not captured by the coding logic, then a model can be penalized for correctly ranking
patients against an imperfect outcome. If false positives in the recorded label arise from broad-spectrum
antibiotic administration or procedural coding that does not always indicate a true leak, then measured
precision and Brier error can shift for reasons that have little to do with the underlying biology.

A second complication is the role of measurement availability. Early postoperative structured data
are not collected uniformly. Some variables, such as white blood cell count or creatinine, are part of
common perioperative panels and therefore available for most admissions. Others, such as preopera-
tive albumin or outpatient body mass index, depend on how the patient entered care, how much time
existed for preoperative workup, and whether the record captured prior documentation cleanly. Still oth-
ers, such as ICU admission, are not physiologic variables in the narrow sense at all. They summarize an
institutional judgment about acuity or anticipated monitoring needs. When such variables rank highly,
the model is learning from the way the hospital sees the patient as much as from the patient alone. That
is not necessarily a defect. A postoperative surveillance tool may reasonably use this information. But it
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Figure 5: Recommended reporting structure for rare-event postoperative prediction. Instead of presenting thresh-
olded metrics as universally portable, the report should attach them to explicit phenotype assumptions, threshold
choice, local observation process, and missingness structure so readers can distinguish robust signal from setting-
dependent performance.

means that transporting the model from one monitoring environment to another is not a simple matter
of copying coefficients or trees.

A third complication is that threshold choice is almost always local. A threshold selected to optimize
F1, or any related criterion, is a property of a specific development process [5]. It is not a universal con-
stant. The balance between false negatives and false positives that looks acceptable in one retrospective
dataset may not map well to another hospital with a different prevalence of leak or a different tolerance
for additional imaging and workup. If prevalence falls, precision falls unless the false-positive rate falls
as well. If case mix shifts toward more complex surgery, the opposite can happen. A threshold that looks
acceptable in one environment can therefore become either too permissive or too conservative without
any change in the model’s ranking behavior.

The aim of this study is to make those issues explicit through a secondary empirical analysis of a
published proof-of-concept experiment. The focus here is not on proposing another model. The focus is
on stress-testing what the published results imply when the problem is viewed through outcome pertur-
bation, observation dependence, and threshold transport rather than through point performance alone.
This approach is useful because the published study already contains enough information to support a
more detailed reading. The cohort size is known. The event count is known. The outcome construction is
stated. The early feature window is stated. The held-out metrics for six model configurations are reported.
The leading predictors are named. The data-quality and generalizability limitations are described. That
information is sufficient to reconstruct the approximate operating behavior of the models and to examine
how that behavior changes under plausible perturbations.

The paper therefore asks three questions. First, how vulnerable are the reported precision and recall
values to modest outcome misclassification, given that the endpoint is a composite built from diagnosis
codes and corroborating actions rather than individual chart review? Second, what does the feature
ranking imply about the dependence of the model on observation intensity and care-process variables,
and how might that dependence affect interpretation of feature importance and model transport? Third,
how much does the meaning of a thresholded positive prediction change when prevalence shifts away
from the original development setting? These questions are empirical in the strict sense [6]. They are
answered by deriving consequences from the reported experiment, not by importing speculative claims
from outside the dataset.

The resulting argument is limited but useful. It does not claim that the original model comparison
was mistaken. It does not claim that the stronger nonlinear configurations are artifacts. It shows some-
thing narrower. The reported results are best read as conditional measurements of signal under a specific
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phenotype, a specific 24-hour observation window, and a specific critical-care-heavy hospital environ-
ment. Once those conditions are perturbed, the magnitude and meaning of thresholded performance can
shift materially. That is an important empirical result because it changes what should count as sufficient
reporting in rare-event surgical prediction. A model table is not wrong. It is incomplete unless it also
tells the reader how dependent those numbers are on the way the endpoint was defined, the way the data
were observed, and the way the threshold was chosen.

2. Empirical Setup
TheMIMIC-IV colorectal surgery experiment described by Sadanandan (2024), which assembled 3,331
admissions from 2,847 unique patients, defined anastomotic leak by a composite of diagnostic coding
and supporting clinical evidence within 30 days, restricted predictors to data available within the first 24
hours after surgery, handled missing continuous values by median imputation with missingness indica-
tors, assigned dedicated unknown categories to missing categorical values, split data at the patient level,
and evaluated six model configurations on a held-out test set of 670 admissions containing 49 positive
cases [7]. The highest-ranked variables in the gradient boosting analysis were postoperative white blood
cell count, ICU admission status, postoperative lactate, surgery type, and preoperative albumin. Those
elements are enough to support a structured empirical re-analysis.

Two features of the source design matter immediately. First, the positive class is rare. A held-out set
with 49 positive admissions means that any thresholded quantity involving the event class is numerically
coarse. Each additional true positive contributes slightly more than two percentage points of recall. Sec-
ond, the outcome is not derived from direct chart adjudication [8]. It is a pragmatic composite that uses
diagnosis codes together with downstream evidence such as reoperation, drainage, or broad-spectrum
antibiotic therapy. That is a reasonable engineering choice for a proof-of-concept study. It also means
that the observed label is not guaranteed to match the underlying clinical truth without error. The rest of
this paper treats that imperfection not as a flaw that invalidates the study, but as an empirical property
that should be modeled explicitly.

A useful starting point is the operating geometry implied by the published precision and recall values.
If n1 is the number of positive cases, n0 the number of negatives, pm the precision of model m, and rm

its recall, then approximate confusion counts follow from the identities

TPm = rmn1

FNm = n1 − TPm

FPm = TPm

(
1 − pm

pm

)
TNm = n0 − FPm. (2.1)

With n1 = 49 and n0 = 621, these formulas recover the thresholded structure of the six models.
Logistic regression corresponds to roughly 27.9 true positives and 79.5 false positives. Naive Bayes
corresponds to about 34.8 true positives and 255.1 false positives. Gradient boosting corresponds to
about 25.0 true positives and 53.1 false positives. The target-encoded variant corresponds to 21.1 true
positives and 40.9 false positives. Bagged gradient boosting corresponds to 20.1 true positives and 26.6
false positives. The ensemble corresponds to 24.0 true positives and 34.6 false positives. Because the
reported metrics were rounded, these counts are approximate. The approximation error is small relative
to the differences being studied.

The same reconstruction shows how much of the test set each model places above threshold. The
selected fraction αm satisfies
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αm =
TPm FPm

n
. (2.2)

The resulting values are about 0.160 for logistic regression, 0.433 for naive Bayes, 0.117 for gradient
boosting, 0.093 for gradient boosting with target encoding, 0.070 for bagged gradient boosting, and
0.087 for the ensemble. This difference in selected fraction is one of the most important empirical facts
in the experiment [9]. The better nonlinearmodels are not merely reordering the cohort in a general sense.
They are identifying relatively narrow subsets of admissions as high risk, whereas logistic regression
and especially naive Bayes mark much larger fractions of the cohort positive.

The source study also reported Brier score, which adds another key distinction. Logistic regression
and the four boosting-based configurations all reported Brier score 0.059. Naive Bayes reported 0.415.
With outcome prevalence around 7.6%, a constant predictor that always outputs the prevalence would
produce a Brier score close to π1−π, approximately 0.070. This means the logistic and boosting-based
models are at least numerically better than a prevalence-only baseline, whereas naive Bayes produces
probability outputs that are much worse. That discrepancy becomes important later because it suggests
that the independence assumptions of naive Bayes distort probability scale even when the model still
captures some ranking signal.

The descriptive outcome data in the source study matter as well. Leak cases had much longer hospital
stays, more frequent ICU admission in the first 24 hours, and higher in-hospital mortality than non-leak
cases. These contrasts imply that the observed positive class corresponds to a clinically heavy subgroup
rather than to a mild or incidental endpoint. They also help explain why variables such as ICU admission
rank so highly. A patient’s location and early physiologic burden are not peripheral to the task. They are
part of the signal surface the model uses to separate future leak cases from the remainder of the cohort.

The feature-engineering choices also shape interpretation. The first postoperative day included both
preoperative and postoperative laboratory values where available, together with demographics, admis-
sion characteristics, procedure details, and outpatient-derived baseline measurements such as bodymass
index. Continuous features were standardized for logistic regression and naive Bayes but left on the raw
scale for the tree-based models. Missing continuous values were imputed with the training-set median
and accompanied by indicator variables. This means the models were allowed to learn from absence
as well as presence [10]. In a hospital record, that is often appropriate. It also means that the model’s
behavior depends partly on the process by which measurements are obtained.

That observation is central to the stress-test developed here. Amodel using postoperative white blood
cell count, lactate, ICU admission, and albumin is learning from a mixture of acute physiology, proce-
dure context, baseline reserve, and care-process intensity. Such amodel can still be clinicallymeaningful,
especially as a surveillance aid. But it should not be interpreted as though those inputs were neutral
measurements of a hidden biological state. They are sampled from a hospital process that varies across
settings.

The sections that follow therefore treat the published experiment as a baseline operating state. From
that state, three perturbations are introduced. The first is outcome perturbation, where the recorded
label is treated as a noisy proxy for the underlying complication. The second is observation perturba-
tion, where feature availability and care-intensity variables are treated as parts of the signal rather than
as neutral covariates. The third is prevalence perturbation, where the same score is imagined in set-
tings with different event rates. These perturbations are not hypothetical distractions. They correspond
to issues already acknowledged in the source paper, namely the lack of chart-level endpoint validation,
the dependence on structured data available in one institution’s critical-care system, and the uncertainty
of generalization beyond the development environment. What follows is an attempt to quantify the
consequences of those issues rather than merely to mention them.
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3. Outcome Perturbation and Label-Noise Effects
The recorded leak endpoint in the source study was a composite, not a directly adjudicated clinical truth.
That means the observed outcome Ỹ can be treated as a noisy version of an unobserved true state Y . Let
α = PrỸ = 1 | Y = 0 denote the false-positive label rate and β = PrỸ = 0 | Y = 1 the false-negative
label rate. Then the observed prevalence π̃ satisfies

π̃ = PrỸ = 1
= 1 − βπ α1 − π, (3.1)

where π = PrY = 1 is the unknown true prevalence. Even without assigning exact values to α and β,
this identity shows that the observed 7.6% prevalence is only one possible realization of the underlying
clinical incidence. If the endpoint misses some true leaks because they were managed conservatively
without meeting the composite rule, then β > 0 and the true prevalence is higher than observed unless
false-positive labeling is equally strong in the opposite direction [11]. If the endpoint also includes a
small number of cases where coded concern and antibiotics did not represent a true leak, then both α
and β matter.

This matters because thresholded performance against Ỹ is not the same as thresholded performance
against Y . Suppose a model produces a binary positive set At = {si ≥ t} at threshold t, with true
sensitivity rt = PrAt = 1 | Y = 1 and false-positive rate qt = PrAt = 1 | Y = 0. The sensitivity
against the noisy label is

r̃t = PrAt = 1 | Ỹ = 1

=
1 − βπrt α1 − πqt

1 − βπ α1 − π
. (3.2)

Similarly, the observed precision against the noisy label is

p̃t = PrỸ = 1 | At = 1

=
1 − βπrt α1 − πqt

πrt 1 − πqt
. (3.3)

These equations are useful because they separate two sources of uncertainty. One source is the clas-
sifier’s own thresholded behavior, represented by rt and qt. The other source is the mismatch between
the recorded label and the underlying event, represented by α and β. When the source paper reports pre-
cision 0.43 or recall 0.41, those values are precise only with respect to Ỹ , not necessarily with respect
to the underlying complication.

The direction of bias depends on which form of label error dominates. If false-negative outcome
labeling is the larger problem, thenmeasured recall can be pessimistic. Amodel may correctly place high
scores on some admissions that truly developed leak, but if those admissions never met the composite
rule, they are counted as false positives or missed positives relative to Ỹ . In contrast, if the composite
endpoint occasionally marks non-leak admissions as positive because of nonspecific antibiotic use or
procedural coding, then measured precision can be distorted in the opposite direction. The point is not
that all published metrics are unreliable. The point is that they sit on top of an outcome model that is
itself estimated with error.

To make the scale concrete, consider a modest perturbation regime. Suppose the observed preva-
lence is 0.076, and suppose outcome construction has false-positive rate α = 0.01 and false-negative
rate β = 0.10. Solving the prevalence identity gives a true prevalence near 0.083. This is not a dra-
matic change in absolute terms, but it is meaningful for thresholded interpretation. Under that regime,
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a classifier that appears to operate at 43% precision against the recorded label may be slightly under-
or over-estimating its true positive predictive value depending on how its high-score admissions over-
lap with the misclassified region. If false-negative outcome labels are concentrated among admissions
that the model scores highly, then measured precision is artificially depressed. If false-positive outcome
labels are concentrated in parts of the feature space where the model also scores highly, the opposite
can happen.

A more important effect may fall on threshold selection itself [12]. The source study chose thresholds
to maximize F1 on the validation set. But F1 is a function of the observed label. If Ỹ differs from Y ,
then the validation threshold is tuned to the wrong target. Let F̃1t denote the observed F1 under noisy
labels and F1t the unobserved value under true labels. The optimal thresholds satisfy

t̃∗ = arg max
t

F̃1t

t∗ = arg max
t

F1t. (3.4)

There is no reason these must coincide. If the noise process is unevenly distributed across score space,
the thresholdmaximizing the observed objective can be shifted away from the true optimum. This is espe-
cially plausible in a composite surgical endpoint, where missed true leaks may cluster among patients
with atypical management pathways and false positives may cluster among patients who received aggres-
sive workup for other reasons. The threshold is then shaped not only by the distribution of risk but also
by the distribution of coding and corroborating actions.

The consequence for model comparison can be large enough to matter. Suppose the bagged gradi-
ent boosting model concentrates true positives efficiently but some of its predicted positives fall into
a region where the composite outcome misses true leaks because they were not captured by support-
ing procedural evidence. Then the model’s measured precision is lower than its true precision against
the clinical endpoint. A more diffuse model such as logistic regression may place some of these same
admissions below threshold and therefore appear relatively less penalized. Under that scenario, part of
the apparent gap between models is a function of how outcome misclassification overlaps with score
distribution, not just a function of raw predictive ability.

This effect is easiest to see in the false-positive cell. In the reconstructed held-out behavior, bagged
gradient boosting yields roughly 26.6 false positives and the ensemble roughly 34.6. If even a small
fraction of the bagged model’s false-positive set were actually unrecorded true leaks, its effective preci-
sion would increase noticeably because the selected set is small. For a model with around forty-seven
predicted positives, reclassifying just four admissions changes precision by about 0.085. That is a large
movement. The same number of relabeled admissions would shift logistic regression less because its
selected set is much larger. Thus endpoint uncertainty does not affect all models equally [13]. More con-
centrated models are often more sensitive to small changes in label assignment because each admission
in the upper tail carries more leverage.

A useful way to summarize this is to consider corrected precision under one-sided false-negative
label noise. If the predicted-positive group contains proportion δm of admissions that are truly positive
but recorded negative, then the observed precision p̃m understates true precision by approximately

ptrue
m = p̃m δm1 − p̃m. (3.5)

This is a simplified expression, but it captures the main point. In a concentrated positive set, even a
modest δm moves the estimated positive predictive value materially. If p̃m = 0.43 and δm = 0.08, then
ptrue

m rises to about 0.476. The same adjustment applied to logistic regression with p̃m = 0.26 rises only
to 0.319. Thus the empirical penalty of label noise is not uniform across model families.
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The same logic extends to calibration. Brier score is often interpreted as if it measured intrinsic
probability quality. Under noisy labels, it measures probability quality relative to the recorded endpoint.
Let P be the model’s predicted probability of the true event Y . The observed Brier score is

BSobs = E
[
P − Ỹ 2]

= E
[
P − Y 2]

E
[
Y − Ỹ 2]

2E
[
P − Y Y − Ỹ

]
. (3.6)

Unless the noise term is independent of the model error term, the observed Brier score is not sim-
ply the true Brier score plus a constant. This is relevant because the composite endpoint is built from
procedural and therapeutic evidence that may correlate with the very features the model uses. A model
scoring high on cases with ICU admission, elevated white blood cell count, and raised lactate may be
more likely to overlap with the care-intensity pathways that also affect whether a leak is coded and cor-
roborated. Once again, this does not invalidate the original evaluation. It shows why calibration should
be interpreted as conditional on endpoint construction.

From this perspective, the main empirical message is straightforward. The proof-of-concept study
demonstrated real signal under a pragmatic outcome definition. That is an important result. At the same
time, the measured thresholded behavior should be understood as the behavior of the model against a
composite endpoint with nonzero uncertainty [14]. Small perturbations in phenotype construction can
move precision, recall, threshold choice, and calibration enough to affect how model differences are
interpreted. For rare postoperative outcomes, this is not a secondary technical detail. It is part of the
outcome itself.

4. Observation Dependence and Feature-Availability Structure

Table 1: Held-out Model Performance Summary
Model AUC Precision Recall
Logistic Regression 0.738 0.26 0.57
Naive Bayes 0.699 0.12 0.71
Gradient Boosting 0.754 0.32 0.51
Target-Encoded GB 0.764 0.34 0.43
Bagged GB 0.772 0.43 0.41
Ensemble 0.762 0.41 0.49

Table 2: Approximate Confusion Counts (Test Set)
Model TP FP FN
Logistic Regression 27.9 79.5 21.1
Naive Bayes 34.8 255.1 14.2
Gradient Boosting 25.0 53.1 24.0
Target-Encoded GB 21.1 40.9 27.9
Bagged GB 20.1 26.6 28.9
Ensemble 24.0 34.6 25.0

The second stress test concerns how the hospital’s observation process enters the feature space. In
the source study, the most influential variables were not all baseline patient attributes. They included
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Table 3: Selected Fraction Above Threshold
Model Selected Fraction Interpretation
Logistic Regression 0.160 Broad selection
Naive Bayes 0.433 Very broad
Gradient Boosting 0.117 Moderate
Target-Encoded GB 0.093 Narrow
Bagged GB 0.070 Most selective
Ensemble 0.087 Balanced

Table 4: Top Predictive Features
Feature Type Role
WBC Count Physiologic Inflammation signal
ICU Admission Process Care intensity
Lactate Physiologic Perfusion marker
Surgery Type Context Procedural risk
Albumin Baseline Nutritional reserve

Table 5: Label Noise Parameters and Effects
Parameter Meaning Example Value Impact
α False positive rate 0.01 Inflates prevalence
β False negative rate 0.10 Missed true cases
π̃ Observed prevalence 0.076 Biased estimate
π True prevalence 0.083 Adjusted value

Table 6: Brier Score Comparison
Model Brier Score Interpretation
Logistic Regression 0.059 Well-calibrated
Naive Bayes 0.415 Poor calibration
Gradient Boosting 0.059 Stable
Bagged GB 0.059 Strong calibration
Ensemble 0.059 Reliable

Table 7: Precision Under Prevalence Shift (Bagged GB)
Prevalence PPV Interpretation

0.076 0.43 Baseline
0.04 0.28 Reduced precision
0.02 0.16 Low yield
0.12 0.56 High confidence

postoperative white blood cell count, ICU admission, postoperative lactate, surgery type, and preoper-
ative albumin. This ranking is informative because these variables sit at different points along the path
from patient state to recorded data. White blood cell count and lactate reflect physiologic stress, but they
also depend on test ordering and timing. ICU admission reflects a management decision as much as a
patient attribute. Surgery type reflects procedural context. Albumin reflects baseline reserve but is also
subject to selective availability. The model therefore reads both the patient and the way the patient was
observed.
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Table 8: Observation Dependence Factors
Variable Dependence Type Sensitivity
ICU Admission Institutional High
Lactate Measurement Medium
Albumin Availability High
WBC Routine Lab Low
Surgery Type Structural Low

Table 9: Model Robustness Under Stress Tests
Model Label Noise Obs. Shift Prev. Shift
Logistic Regression Medium Medium Weak
Naive Bayes Weak Weak Weak
Gradient Boosting Strong Medium Medium
Bagged GB Strong Sensitive Strong
Ensemble Strong Strong Strong

A compact way to represent this is to distinguish between a latent clinical state zi and an observation
operator Mi for admission i. The recorded feature vector is then

xobs
i = Mizi I − Miu εi, (4.1)

where u is an imputation anchor and εi represents measurement error. The operator Mi is not merely
missingness in the narrow sense. It captures whether the hospital measured the variable at all, how
close to surgery it was measured, and whether the patient passed through a care pathway where the
measurement was routine. For a variable such as lactate, Mi is tightly connected to clinical acuity. For a
variable such as preoperative albumin, Mi is tied to the patient’s route into surgery and the completeness
of preoperative workup [15].

This structure matters because the model is trained on xobs
i , not on zi. If two hospitals differ in how

often albumin is available, or in how often postoperative lactate is drawn, then the effective feature
distribution changes even if the underlying biology does not. That is part of why the source study’s
simple missingness indicators are analytically important. They allow the model to learn that absence
itself carries information. In a single-hospital proof-of-concept setting, this can improve performance.
In a transport setting, it means that the model is partly tuned to the hospital’s measurement policy.

The high rank of ICU admission illustrates the point clearly. ICU admission within the first postop-
erative day is not a biological variable. It aggregates a set of judgments about operative complexity,
instability, anticipated monitoring needs, and bed availability. In the source cohort, ICU admission
occurred much more often among leak cases than among non-leak cases. As a predictor, it is there-
fore strong. But the relationship is partly institutional. A hospital that routinely sends major colorectal
cases to a higher-acuity unit after surgery will assign different statistical meaning to ICU status than a
hospital that reserves ICU beds for frank instability. The variable is clinically useful in both places, but
its conditional distribution differs.

A similar argument applies to postoperative lactate. In a dataset drawn from critical care admissions,
lactate may be measured frequently enough that its absence and presence each carry interpretable infor-
mation. In a lower-acuity hospital setting, postoperative lactate may be ordered only selectively, which
changes both the marginal missingness and the conditional meaning of the values that are present. The
model trained in the first environment will therefore conflate physiologic deviation and observation
intensity unless those processes are modeled separately.
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This can be made explicit through subgroup-specific covariance. Let g index hospitals or care
pathways [16]. Then the observed covariance for group g can be represented as

Σobs
g = AgΣ

latent
g A⊤

g Rg, (4.2)

where Ag maps latent physiology and context into observed data and Rg captures measurement
noise and unmodeled process variation. If Ag changes across settings, then a model trained on one
covariance structure may preserve some ranking ability but alter the contribution of specific variables
and the density of the upper score tail. This is a more precise way to state a common concern about
generalizability. The problem is not only that the patient mix changes. The operator that turns clinical
states into recorded inputs changes as well.

The source study’s variable ranking strongly suggests that this is happening. White blood cell count,
lactate, ICU admission, and albumin do not represent independent blocks of information. They are cor-
related through perioperative stress, underlying reserve, and care-process intensity. That correlation is
one reason naive Bayes performed poorly. The independence assumption treats these variables as if they
provide separate evidence streams. In the actual data, their dependencies encode much of the structure.
A model that multiplies them as though they were independent can still rank some admissions correctly,
but its probability scale becomes distorted. The reported Brier score of 0.415 for naive Bayes is entirely
consistent with this interpretation.

For the stronger nonlinear models, the same dependence structure becomes an advantage. Tree-based
learners are able to partition the cohort according to combinations such as high white blood cell count
together with ICU admission, or low albumin together with a particular surgery type. Because the dis-
tributions are skewed, especially for white blood cell count, lactate, and albumin, the model gains by
making local cuts in the tail rather than by fitting a smooth additive slope. This is one reason the
tree-based configurations achieved much higher precision than logistic regression without necessar-
ily recovering far more positive cases. They found a narrower upper-risk region defined by interacting
variables whose statistical meaning depends on joint occurrence [17].

What matters for the present paper is that this narrowed upper-risk region is partly an observation
artifact in the neutral sense of the term. It is real within the data-generating process, but that process
includes how patients were monitored and how frequently they entered intensive care. A clinician using
such a model in the same hospital can still benefit from it. A reader interpreting the model as a portable
physiologic rule should be more cautious.

The role of missingness strengthens this conclusion. The source study notes that white blood cell
count, creatinine, and hemoglobin had low missingness because they were part of standard periopera-
tive panels, whereas preoperative albumin and body mass index had higher missingness because they
depended on longer time windows or outpatient documentation. Missingness indicators were then added
as features. This means the model is partly learning from who lacked a preoperative workup or complete
baseline documentation. In a dataset with many emergent or critically ill admissions, that may be useful.
It also ties the model’s score to a particular hospital workflow. In a lower-acuity environment with more
uniform preoperative documentation, the same missingness pattern would carry less information.

A simple perturbation argument shows the effect on score stability. Suppose a score function near a
given admission can be locally approximated as

ηi = w⊤xobs
i xobs⊤

i Bxobs
i . (4.3)

A change in the observation pattern Δxi induced by different measurement availability or care-path
routing shifts the score by
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Δηi = w⊤Δxi

xobs⊤
i BΔxi Δx⊤

i Bxobs
i Δx⊤

i BΔxi. (4.4)

Even if the underlying clinical state does not change, the observed score can move because the record
through which the model sees the patient has changed. This is not an abstract concern. For variables like
ICU admission or missing albumin, Δxi can be substantial across hospitals or even across service lines
within one hospital.

The empirical implication is that feature importance in the source study should be read as importance
within an observation architecture.White blood cell count matters because it is both biologically relevant
and widely available [18]. ICU admissionmatters because it compresses a broad set of acute-care signals
into one state variable. Albumin matters because reserve matters and because its availability is itself
patterned. These are valid findings. They become more informative when interpreted as products of the
measurement process rather than as timeless biologic rankings.

This does not diminish the original experiment. It clarifies what kind of model it produced. The
resulting classifier is best viewed as an early postoperative surveillance model keyed to the structure
of routine hospital records. It is not a preoperative calculator, and it is not a pure physiologic detector.
Once framed that way, the next stress test follows naturally. If the score’s meaning already depends on
label construction and observation architecture, then its thresholded positive predictive value must also
depend strongly on prevalence in the destination setting.

5. Threshold Meaning Under Prevalence Shift
A thresholded risk model does not carry the same practical meaning in every hospital. Even if its ranking
ability remains constant, the positive predictive value of a fixed threshold depends directly on prevalence.
This is standard probability theory, but it is easy to understate in clinical prediction because performance
tables are often read as if precision were a property of the model alone. It is not. If rt is sensitivity and
qt is false-positive rate at threshold t, then positive predictive value satisfies

PPV t; π =
πrt

πrt 1 − πqt
. (5.1)

For a given threshold, the functions rt and qt may remain unchanged when the model is transported,
butPPV changeswhenever prevalenceπ changes. Thismatters a great deal in the source setting because
the leak rate was around 7.6%, and the hospital was a tertiary academic center with a large critical-care
footprint. A lower-acuity hospital or a service with different case mix could have materially different
prevalence.

The reconstructed operating points make the sensitivity of PPV easy to quantify [19]. For bagged
gradient boosting, the implied sensitivity is roughly 0.41 and the implied false-positive rate is about
0.043. At prevalence 0.076, the positive predictive value is the reported 0.43. If the same threshold were
applied in a setting with prevalence 0.04, then

PPVbag0.04 =
0.04 · 0.41

0.04 · 0.41 0.96 · 0.043
, (5.2)

which is approximately 0.28. If prevalence fell further to 0.02, the same threshold would produce
positive predictive value around 0.16. The model would still rank cases better than chance, but the
meaning of a positive alert would be very different. A threshold that selected a dense subset in the
original hospital would now select a much more diluted subset.
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The same calculation shows the opposite effect in a higher-prevalence setting. If prevalence rose to
0.12 while the bagged model retained the same r and q, the positive predictive value would rise above
0.56. Thus the same score threshold can behave like a moderately selective surveillance trigger in one
hospital and a high-confidence warning in another. This change requires no modification of the model
itself. It is driven entirely by prevalence.

This is one reason the source study’sF1-selected thresholds should not be interpreted as portable oper-
ating points. F1 weights precision and recall symmetrically, and precision is prevalence-dependent. A
threshold chosen to maximize F1 in a 7.6% environment is therefore implicitly tuned to that prevalence.
When prevalence changes, the threshold that maximizes F1 changes even if the score distribution con-
ditional on outcome remains stable. A hospital adopting such a model without retuning would therefore
inherit a threshold calibrated to someone else’s event rate.

A standard prevalence-correction formula makes this explicit for calibrated probabilities. If a model
outputs a calibrated posterior ps under source prevalence πs, then under target prevalence πt and stable
likelihood ratios, the adjusted posterior is [20]

pt =
κps

κps 1 − ps

κ =
πt1 − πs

πs1 − πt
. (5.3)

This expression is useful because it shows how much re-interpretation is required before any thresh-
old is even discussed. A score that means 0.43 risk in the source environment may correspond to a
substantially lower target risk if prevalence falls. Thresholds based on unadjusted source probabilities
then become systematically misleading.

The effect is not limited to PPV . The number of predicted-positive admissions also shifts in practical
importance under prevalence change because the false-positive component, 1 − πqt, scales with the
negative majority. In lower-prevalence settings, most of the positive set comes from the false-positive
term unless qt is extremely small. This creates an operational challenge. A hospital can inherit the
same model and preserve its discrimination, yet find that the number of low-yield workups becomes
unacceptable because the baseline event rate is lower than in development.

A brief comparison of the main models shows how unevenly they are exposed to this effect. Logistic
regression has implied false-positive rate around 0.128. Bagged gradient boosting is much lower at
0.043. The ensemble is around 0.056. If prevalence drops, the ranking among these models becomes
more sharply separated on the precision scale because the model with higher false-positive rate loses
positive predictive value faster. At prevalence 0.04, logistic regression’s positive predictive value falls
to about 0.16, whereas the ensemble remains around 0.27 and the bagged model around 0.28. Thus
transport to a lower-prevalence environment does not merely lower precision overall. It changes the
relative attractiveness of the model families.

This observation also feeds back into model interpretation. In the source setting, one might plausibly
debate whether logistic regression’s higher recall is worth its larger alert burden. In a lower-prevalence
setting, that debate becomes harder to sustain because the false-positive term dominates more strongly
[21]. In a higher-prevalence setting, the trade-off may look more acceptable. This is why a single thresh-
olded comparison from one hospital cannot answer the question of which model is best in general. It
can answer only which model occupies a certain operating region under one event rate.

Prevalence shift and observation shift are also linked. Hospitals with different case mix often differ
not only in leak incidence but also in how often they measure lactate, how often they send patients to
higher-acuity units, and how complete preoperative documentation is. Thus the model transported to a
new hospital can experience both altered π and altered Ag in the covariance notation of the previous
section. Positive predictive value changes through prevalence, while score distribution changes through
observation process. The combined effect can be larger than either factor alone.
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A practical conclusion follows. Any claim that a thresholded postoperative leak model is ready for
use outside its development setting should be accompanied by at least two recalibration steps. The first
is outcome audit, to determine whether the target site’s leak phenotype aligns with the source phenotype
closely enough that the label means the same thing. The second is prevalence-aware threshold revision,
because a cutpoint that produced reasonable precision and recall in one environment is not expected to
preserve those values in another. Without these steps, the model may still rank cases reasonably well,
but the operational meaning of its positive predictions becomes uncertain.

The source experiment itself is useful precisely because it makes this dependence visible. Its better
nonlinear models achieved improved selectivity in a setting with prevalence around 7.6%, good avail-
ability of common perioperative laboratories, and a substantial critical-care component. That is a real
result. What this section adds is that the thresholded interpretation of those models is conditional on that
environment. Moving the same threshold into a different prevalence regime changes what the number
means. In a hospital prediction context, that is not a trivial footnote [22]. It is part of the empirical result.

6. Re-reading the Model Comparison Under These Stress Tests
Once outcome noise, observation dependence, and prevalence shift are all on the table, the source model
comparison looks different. The major result remains intact: the stronger nonlinear configurations are
preferable to naive Bayes and offer a more selective operating regime than logistic regression. But the
reason they are preferable is more specific than a standard AUC comparison implies. They are preferable
because they carve out a tighter upper-risk subset in the source environment, using combinations of
variables whosemeaning depends on the first postoperative day’smeasurement structure. That is a useful
property. It is not identical to universal superiority.

Start with naive Bayes. Its high recall relative to the other models might tempt a superficial reading
that it simply operates at a more sensitive point. The Brier score rules out that interpretation. The model
is not merely choosing a different position on the same frontier. Its probability scale is poor because the
feature dependencies in the data violate the independence assumption. Under the label-noise analysis
above, this weakness becomes more consequential, not less. If the endpoint is already imperfect, then
a model that also mishandles dependence compounds the interpretive problem. For practical purposes,
naive Bayes is not only broad in its positive partition. It is unstable in how it represents uncertainty.

Next consider logistic regression. Its behavior is more defensible than naive Bayes because its prob-
ability scale is reasonable and its recall is higher than the more selective tree-based models. Under the
stress tests developed here, however, logistic regression’s weakness becomes clearer [23]. Its upper tail
is comparatively broad. That broadness makes it especially vulnerable to prevalence shifts, because pre-
cision deteriorates rapidly when event rate falls. It also means that if the recorded endpoint misses some
true leaks, the large false-positive cell contains a mixture of truly low-risk patients and potentially mis-
labeled high-risk patients, which makes post hoc interpretation difficult. Logistic regression still has
value as an interpretable baseline, but its operating regime is less robust than the source table alone
might suggest.

The more interesting comparison is between bagged gradient boosting and the three-way ensemble.
The source study treated the bagged model as the best AUC performer and the ensemble as the best
PR-AUC performer. Under the present stress tests, that distinction acquires a more operational interpre-
tation. The bagged model is the more concentrated of the two. Its positive set is smaller, so its empirical
precision can move materially if a few of its apparent false positives are actually mislabeled true leaks.
This means label-noise correction could make it look even stronger than the reported point estimate
suggests. At the same time, because its selected set is narrow, it may be somewhat more sensitive to
observation-process changes across hospitals. If the upper-tail pattern it learned depends strongly on the
source institution’s ICU routing or measurement frequency, that concentration may degrade in transport.

The ensemble is slightly less concentrated but likely more forgiving. Its positive set is larger, so
each admission carries a bit less leverage on the measured precision. Its reported PR-AUC advantage
suggests a broader region of usable operating points rather than a single very sharp optimum. Under
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prevalence shift, it will still lose precision, but less dramatically than logistic regression because its false-
positive rate remains moderate. Under mild outcome misclassification, its precision can also improve
if some of its false positives are truly positive cases missed by the composite label. In practical terms,
the ensemble may be the model whose threshold is easiest to revise across different clinical priorities,
whereas the baggedmodel may be the one that offers the leanest alert strategy in a hospital that resembles
the development setting closely.

The target-encoded gradient boosting model occupies a different niche [24]. Its precision and recall
are both intermediate, but it offers little obvious advantage once the bagged and ensemble configurations
are available. Under the current stress tests, its main limitation is that it is neither as concentrated as the
bagged model nor as balanced as the ensemble. If one expects label-noise correction to rescue upper-
tail precision somewhat, the bagged model benefits more. If one expects prevalence shift and threshold
retuning to matter, the ensemble offers a broader operating surface. The target-encoded model therefore
looks less compelling as a practical default even if it remains a technically competent configuration.

These revised readings do not depend on changing the fundamental results of the source paper. They
depend on reading those results through the conditions under which they were obtained. A model that
looks best in one metric can remain best after stress-testing, but the meaning of best changes. Instead of
a generic ranking statement, one obtains a statement about which model is most concentrated under the
source phenotype, which is most robust to moderate prevalence changes, and which is least vulnerable
to dependence-induced calibration failure. That is a more informative basis for scientific comparison.

Another advantage of this re-reading is that it clarifies what the source experiment did not yet estab-
lish. It did not establish chart-level validity of the outcome. It did not establish subgroup stability across
procedure types or demographic groups. It did not establish transport to lower-acuity hospitals. It did
not establish whether the top predictors retain the same leverage when ICU admission practice or post-
operative lab ordering differs. None of those absences cancel the study. They define the next empirical
steps required if one wants to preserve the meaning of the reported thresholded behavior outside the
original setting.

The combination of stress tests also explains why the source study’s feature ranking should not be
treated as a stable causal ordering. White blood cell count, lactate, ICU admission, surgery type, and
albumin are all plausible predictors [25]. Their exact ordering, however, likely depends on the local
pattern of observation and endpoint recording. In a site with more uniform preoperative albumin mea-
surement, reserve variables might become more stable. In a site with less frequent postoperative lactate
testing, physiologic tail variables might lose some of their apparent dominance. In a site without routine
critical-care exposure for many colorectal cases, ICU status could change meaning substantially. This
is not a weakness of feature importance methods alone. It is a property of the data-generating process.

What the source experiment provides, then, is a strong internal demonstration that early postoperative
structured data can identify a high-risk subset better than simple linear or independence-based baselines.
What the current paper adds is a tighter empirical statement of where that result is likely to bend. It
bends at the label. It bends at the observation architecture. It bends at the threshold when prevalence
changes. These are exactly the places where real-world transport problems tend to emerge. Framing
them explicitly makes the original result more useful, not less.

7. Discussion
The main contribution of this study is not a new algorithm. It is a more constrained interpretation of
an existing experiment. The proof-of-concept study under examination showed that early structured
hospital data contain enough signal to support meaningful risk stratification for anastomotic leak. That
conclusion remains sound after the stress tests performed here. What changes is the level of confidence
one should attach to the thresholded numbers themselves and the scope over which one should expect
them to travel unchanged.

Three findings are the most important [26]. First, the outcome definition matters more than the usual
performance table reveals. The recorded leak endpoint is a composite of codes and supporting clinical
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evidence. That is a reasonable choice when chart review is not feasible for thousands of admissions. It
also means that the model is judged against an observed label that can miss some true events and include
some borderline or misclassified cases. Even modest label error can change precision and recall enough
to affect interpretation, especially for concentrated models whose positive sets are small. This does not
mean the study should have waited for perfect labels before proceeding. It means that empirical papers of
this kind should treat phenotype uncertainty as part of the evaluation problem rather than as a limitation
paragraph detached from the main results.

Second, the feature space is inseparable from the observation process. The top variables in the source
study were not all patient constants. They included care-location status and selectively available labo-
ratory values. The model therefore learned from the hospital’s pattern of seeing the patient as well as
from the patient’s clinical state. That is often exactly what a useful postoperative surveillance model
should do. The caution is interpretive. A feature that is highly informative in one observation system can
change meaning in another. For this reason, model transport should not be framed only as a matter of
recalibrating probabilities. It also requires checking whether the observation operator itself has changed.

Third, threshold meaning is prevalence-bound. Precision was reported at thresholds chosen in a set-
ting with prevalence around 7.6%. The same thresholds would produce materially different positive
predictive values in hospitals with lower or higher event rates [27]. This is true even if ranking quality
is unchanged. A model paper that reports precision and recall without discussing prevalence transport
leaves the reader with an incomplete understanding of what those numbers represent. In rare-event
surgical outcomes, prevalence adjustment is not optional once the model leaves the site of development.

These findings suggest a revised empirical reporting standard for this domain. A proof-of-concept
study should still report AUC, PR-AUC, calibration, precision, and recall. In addition, it should report
a phenotype audit or at least a sensitivity analysis for plausible label error, because composite coded
endpoints are rarely noise-free. It should report how the selected positive set depends on variables that
also encode care-process intensity, such as ICU admission or selectively ordered laboratories. It should
report how positive predictive value would change over a clinically plausible range of prevalences. None
of these additions requires a new modeling paradigm. They require a more explicit link between the
data-generating process and the performance claim.

The source paper already contains many of the ingredients needed for this style of reporting. It states
the outcome construction clearly. It acknowledges the lack of chart-level validation. It identifies the
first postoperative day as the intended feature window. It gives the held-out metrics for multiple model
families and names the most influential variables. This transparency is one of its strengths. The present
paper extends that transparency by translating the reported design choices into explicit consequences. A
reader now knows not only that bagged gradient boosting reached precision 0.43 and recall 0.41, but also
that this precision sits inside a specific composite phenotype, depends partly on observation architecture,
and would not preserve the same meaning under lower prevalence without threshold revision.

This narrower interpretation does not reduce the value of the original work [28]. It protects it from
overclaim. One of the risks in surgical machine learning is that moderate proof-of-concept performance
can be narrated as a nearly deployable solution. That does not serve clinicians well, and it does not serve
the underlying science well either. An early leak model that identifies a concentrated high-risk group in
a tertiary critical-care environment is a useful scientific result. It becomes more valuable, not less, when
the conditions of that result are stated clearly.

There are also implications for future empirical work. The next strong study in this area would likely
combine three design upgrades. The first would be at least a partial chart-adjudication sample to estimate
the direction and scale of label error in the composite endpoint. The second would be multi-site eval-
uation with explicit measurement-process comparison, not merely external AUC reporting. The third
would be prevalence-aware threshold analysis so that positive predictive value is not treated as fixed
across settings. These steps would move the field from proof-of-concept classification toward a more
stable account of what the model is actually measuring.

The present analysis has limitations of its own. It reconstructs operating behavior from published
summarymetrics rather than from patient-level predictions. It therefore cannot produce exact calibration
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curves, subgroup-specific perturbation results, or formal confidence intervals for all derived quantities.
Its label-noise analysis is based on plausible perturbation structure rather than on directly observed mis-
classification. Its observation-process analysis uses the source study’s variable ranking and missingness
description rather than raw measurement timestamps. These limits should be kept in view. At the same
time, the central conclusions do not depend on exact patient-level reconstruction. They follow from the
basic mathematics of noisy labels, observation-dependent features, and prevalence-dependent precision,
all applied to a well-specified source experiment [29].

A final point deserves emphasis. The usual contrast between proof-of-concept and implementation
can sometimes obscure an intermediate step that is just as important: interpretation under perturbation.
Before a model is built into workflow, one should know what happens when the endpoint shifts slightly,
when the observation system changes, and when prevalence moves away from the development setting.
This paper has tried to supply that intermediate step for one concrete experiment. The result is a more
disciplined reading of what the model table means. In a field where rare outcomes, partial labels, and
hospital-specific workflows are the norm, that kind of reading should become routine.

8. Conclusion
This study re-examined an early postoperative leak prediction experiment by treating the reported model
performance as conditional on three empirical structures: the way the outcome was defined, the way the
hospital observed patients in the first postoperative day, and the prevalence of the event in the develop-
ment setting. Under that re-analysis, the main source result remains credible. Structured hospital data
available within 24 hours after colorectal surgery contain enough information to identify a subset of
admissions at meaningfully elevated risk of later leak. The stronger nonlinear models remain the most
useful configurations within that setting.

What changes is the interpretation of the reported thresholded metrics. Precision and recall are not
free-standing properties of the model. They are shaped by the composite phenotype used to define leak,
by the dependence of key predictors on measurement and care-intensity pathways, and by the baseline
event rate of the source hospital. Modest label error can move thresholded performance appreciably,
especially for concentrated upper-tail models. Observation-process variables such as ICU admission
and selectively available laboratories can improve internal prediction while also narrowing portability.
A threshold chosen in a 7.6% prevalence environment will not preserve the same positive predictive
value elsewhere. Proof-of-concept leak prediction should be reported and interpreted with explicit stress
tests for endpoint uncertainty, feature-availability dependence, and prevalence transport. Without those
additions, a model table can appear more general than the data justify. With them, the same experiment
becomes easier to trust because its limits are specified in the same empirical language as its strengths
[30].
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