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Abstract

Clinical prediction studies for postoperative complications often summarize performance by a small set of point esti-
mates, even when the event is uncommon and the positive class in the test set is numerically small. In that setting,
the apparent ranking of algorithms can be more fragile than it first appears. This paper presents an empirical uncer-
tainty audit of early anastomotic leak prediction from structured perioperative records. The analysis reinterprets
a reported held-out experiment not as a fixed leaderboard, but as a finite-resolution sample in which recall, preci-
sion, alert burden, and threshold choice are all subject to nontrivial instability. The paper examines three empirical
questions. First, how much statistical resolution is actually available when only a small number of positive cases
determine sensitivity estimates and thresholded comparisons? Second, how sharply can an F1-selected operating
point distinguish between neighboring model families when one or two admissions can materially alter the observed
metric balance? Third, how do these uncertainties scale when the model outputs are translated into service-level
decisions such as alerts, workups, or intensified surveillance? The results indicate that the informative content of
the experiment lies less in a simple declaration of the best model than in the geometry of uncertainty around the
reported operating points. The stronger nonlinear configurations remain clinically interesting, but the observed
gaps between several of them are narrower than their point estimates imply. At the same time, the differences in
false-positive accumulation are large enough to matter under plausible error costs. The paper argues that rare-event
surgical modeling should report interval structure, threshold volatility, and cost-ratio switching behavior alongside
standard discrimination metrics, because these quantities better describe what the experiment actually establishes.

1. Introduction

Predictive modeling for surgical complications is usually narrated as a race among algorithms [1]. A
development cohort is assembled, several model classes are trained, a held-out set is reserved, and the
resulting scores are compared through a few familiar metrics. This workflow is technically reasonable,
but its interpretive habits are often too coarse for uncommon outcomes. When the endpoint is rare, the
evaluation sample is numerically asymmetric from the beginning. Most admissions in the test set are
controls, only a small minority are cases, and thresholded quantities such as recall and precision are
therefore carried by a relatively small number of positive observations. This means that the apparent
certainty of a performance table can exceed the true resolution of the experiment. An observed advantage
may reflect robust structure in the data, but it may also be partly a consequence of threshold choice, finite-
sample discreteness, and the fact that one or two event assignments can move a clinically emphasized
metric by several percentage points.

Anastomotic leak after colorectal surgery is a useful setting in which to examine this issue. The com-
plication is serious enough that even moderate predictive signal attracts attention, but infrequent enough
that every evaluation exercise is exposed to class imbalance. In such a setting, it is easy to overread
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Figure 1: Empirical frame of the leak-prediction study. Structured perioperative records are split into development
and held-out evaluation partitions, then compared across linear, probabilistic, boosting, bagged, and ensemble con-
figurations. The figure emphasizes that the experiment is a thresholded comparison under class imbalance rather
than a simple leaderboard, so discrimination, calibration, and alert burden must be read together.

point estimates. A model with recall 0.49 may appear clearly preferable to a model with recall 0.41, yet
if the test set contains fewer than fifty positive admissions, the observed difference corresponds to only
a handful of patients. Similarly, a model with precision 0.43 may appear meaningfully more selective
than one with precision 0.34, but the width of any reasonable interval estimate can be substantial when
the number of predicted-positive admissions is itself small. None of this implies that the results are unin-
formative. It means that the experiment is being conducted at a finite statistical resolution that should
be made explicit.

This is especially important when the operating threshold is selected by a criterion such as F;. The
threshold maximizing F} is not a biologically privileged point [2]. It is a numerical compromise between
false negatives and false positives under a specific validation sample. When the positive class is small
and the score distributions of neighboring models overlap, the chosen threshold can be unstable. Small
score perturbations can reorder the top few admissions near the cutpoint, and because each positive event
has disproportionate leverage in a low-prevalence setting, the resulting thresholded metrics can change
in coarse steps. A model may therefore appear to achieve a finely tuned precision-recall balance even
though the observed point lies on a noisy, locally jagged surface.

A second problem follows from the way rare-event models are discussed in clinical settings. Surgeons,
intensivists, and quality teams rarely interact with abstract discrimination. They interact with alerts,
escalations, workups, missed cases, and false alarms. The operational effect of a model depends not
only on its ranking ability but also on how many patients are placed above threshold and how uncertain
that thresholded volume is. A test set of modest size can support a reasonable estimate of the direction
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Figure 2: Finite-sample confusion geometry of the held-out cohort. Because only 49 admissions are positive, recall
is intrinsically coarse: one retrieved leak shifts sensitivity by about 2.04 percentage points. By contrast, much of the
practical separation among the stronger models is driven by false-positive accumulation, which changes the size of
the predicted-positive set and therefore the stability of precision and downstream workup volume.
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Figure 3: Decision-theoretic switching view of model choice. Approximate held-out true-positive and false-positive
counts are shown as compact TP/FP summaries. When false-positive cost dominates, narrow-alert models such as
bagged boosting become attractive; in intermediate regimes the ensemble can be preferred; and when missed leaks
are penalized more heavily, higher-recall operating modes such as logistic regression or plain boosting can become
competitive despite larger alert burden.

of model behavior, but it may support a much less precise estimate of downstream alert burden once the
model is carried into larger service volumes. For this reason, a proper interpretation of the experiment
should include not only what happened in the held-out sample, but also how sampling error propagates
when those rates are projected to a realistic surgical population.

A third issue concerns model comparison itself. It is tempting to identify the single best method and
stop there. Yet in clinical prediction, model choice often depends on the relative harm of false nega-
tives and false positives rather than on a universal scalar score. If a missed leak is treated as much more
costly than an unnecessary workup, a higher-recall model may be preferred despite lower precision. If
the clinical environment is already saturated with low-yield alerts, the opposite may hold. What mat-
ters empirically is the switching structure: at what false-negative-to-false-positive cost ratio does one
model become preferable to another? That question is almost never addressed directly, even though the
information required to approximate it is frequently available.

The present paper addresses these issues through a secondary empirical analysis of a reported early
postoperative leak prediction experiment [3]. The goal is not to re-engineer the underlying pipeline or to
introduce a new algorithmic family. The goal is to interrogate what the existing experiment can actually
tell us once one accounts for finite positive counts, coarse threshold resolution, and explicit error costs.
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Figure 4: Error propagation from the held-out experiment to service-level throughput. The boxes show approximate
counts per 1000 surgical admissions implied by the reported operating points: bagged boosting yields fewer alerts
but more missed leaks, the ensemble occupies a middle regime, and logistic regression retrieves more positives
at the price of substantially higher false-positive accumulation. This makes clear why point estimates alone are
insufficient for clinical planning: alert burden and missed-case volume scale differently across models.

This is still an empirical paper in the strict sense. Every substantive calculation is tied to a reported
cohort size, event count, or model metric. What changes is the object of study. Instead of asking which
algorithm occupies the top line of a performance table, the paper asks how stable that ordering is, how
much uncertainty surrounds the thresholded metrics, and how the observed rates would expand into
service-level consequences under different decision assumptions.

The analysis proceeds in several steps. First, the data-generating frame of the published experiment
is formalized, and the reported summary metrics are translated into approximate confusion counts. Sec-
ond, standard finite-sample uncertainty calculations are used to show how wide the plausible ranges are
for recall, precision, and AUC when the test set contains only a limited number of events. Third, the
threshold selected by F is treated as a noisy estimator, and the local sensitivity of the metric surface to
one-case perturbations is examined. Fourth, a decision-theoretic loss family is introduced so that pair-
wise switching boundaries among the models can be stated explicitly rather than left implicit. Fifth, the
uncertainty is propagated from the held-out set to larger service volumes, making visible the range of
likely alert counts and missed cases per unit throughput. Finally, the leading predictors and the data-
quality description are interpreted as an observation architecture that helps explain why certain model
classes perform as they do.

The paper remains deliberately restrained. It does not claim that finite-sample instability nullifies the
original modeling result. Nor does it claim that interval overlap implies that all models are equivalent.
Instead, it argues that low-prevalence surgical prediction should be read through a sharper statistical lens
than is customary [4]. Point estimates remain useful, but they are not the whole result. The uncertainty
surrounding them, the discrete sensitivity of threshold selection, and the cost-ratio regimes in which
model preference flips are all part of what the experiment has established. In a rare-event setting, that
broader view is not an optional refinement. It is the difference between a leaderboard reading and an
actual inferential reading.

2. Empirical Frame

The empirical basis for the present analysis is the postoperative leak prediction experiment reported
by Sadanandan (2024) [5], which identified 3,331 colorectal resection admissions from MIMIC-IV,
observed an anastomotic leak rate of 7.6%, evaluated six model configurations on a held-out test set of
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Figure 5: Observation architecture behind the uncertainty audit. Acute postoperative physiology, care-intensity
indicators, operative context, and baseline reserve variables feed a nonlinear scoring layer, after which the inferential
focus shifts from raw leaderboard ranking to interval structure, threshold sensitivity, and alert consequences. This

view links the reported top predictors to the paper’s broader claim that the experiment is most informative when its
uncertainty geometry is made explicit.

670 admissions with 49 positive outcomes, and reported AUC, PR-AUC, Brier score, precision, recall,
and ranked predictor importance for each model. The models were logistic regression, naive Bayes, gra-
dient boosting, gradient boosting with target encoding, bagged gradient boosting using five base learners,
and a three-way ensemble. The top predictive variables in the gradient boosting analysis included post-
operative white blood cell count, intensive care unit admission status, postoperative lactate, surgery
type, and preoperative albumin, while the data-quality description noted low missingness for routine
perioperative laboratory values and higher missingness for features tied to preoperative or outpatient
documentation.

Those reported quantities are sufficient to reconstruct the approximate thresholded behavior of the six
classifiers. Let n = 670 denote the held-out test size, n1 = 49 the number of leak cases, and ng = 621
the number of non-leak admissions. For model m, let p,,, be the reported precision and r,,, the reported
recall at the threshold selected on the validation set by F;. Then the implied confusion geometry is

T-P'm =Tmni

FNmIT’Ll*ﬁm

FP, - TP, (1—Pm)

Pm

TNy =ng — FPp,. Q2.1

Because the published precision and recall values were rounded to two decimal places, the counts
reconstructed from them are themselves approximate. That does not materially limit the present anal-
ysis, since the purpose is not to recover exact patient-level labels but to examine the scale on which
the reported thresholds operated. In a test set with only forty-nine positive admissions, the difference
between a model retrieving twenty and one retrieving twenty-four positives is already meaningful; the
uncertainty introduced by rounding to two decimals is negligible relative to that scale.
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The reconstructed counts are informative. Logistic regression corresponds to roughly 27.9 true pos-
itives, 21.1 false negatives, 79.5 false positives, and 541.5 true negatives. Naive Bayes corresponds
to approximately 34.8 true positives and 255.1 false positives [6]. Gradient boosting corresponds to
roughly 25.0 true positives and 53.1 false positives. The target-encoded variant yields about 21.1 true
positives and 40.9 false positives. Bagged gradient boosting yields approximately 20.1 true positives and
26.6 false positives. The three-way ensemble yields about 24.0 true positives and 34.6 false positives.
Even before interval estimation begins, these approximations already reveal that much of the model
differentiation lies in false-positive accumulation rather than in the number of retrleved posmves

Several additional thresholded quantities follow immediately. Let k,,, = TPm FPm denote the
number of admissions predicted positive by model m, and let o, = k,,n be the selected fraction of
the test set. Then v, is roughly 0.160 for logistic regression, 0.433 for naive Bayes, 0.117 for gradient
boosting, 0.093 for target-encoded gradient boosting, 0.070 for bagged gradient boosting, and 0.087 for
the three-way ensemble. This alone has a clear operational meaning. The bagged model placed only
about 7.0% of the test cohort above threshold, while logistic regression placed 16.0% above threshold
and naive Bayes placed more than 43% above threshold. The principal experimental contrast is therefore
not simply whether one model achieved a larger point estimate of AUC than another. It is whether the
model could isolate a much narrower high-alert subset without erasing too many true positives.

The Brier scores reported for the six models provide another key empirical distinction. Logistic
regression, gradient boosting, target-encoded gradient boosting, bagged gradient boosting, and the
ensemble all reported Brier score 0.059, whereas naive Bayes reported 0.415. The numerical conse-
quence is large. With prevalence m = 49670 ~ 0.073 in the held-out sample and 0.076 in the full cohort,
a constant-probability forecaster that always predicts the prevalence has Brier error close to 71 — 7,
which is approximately 0.07. A Brier score of 0.059 is therefore better than a prevalence-only predictor.
A score of 0.415, by contrast, indicates severe probability mis-scaling [7]. This observation will matter
later when the paper turns from interval width to threshold behavior, because it shows that ranking and
probability calibration do not move together in this experiment.

The data description also shapes the interpretation of model uncertainty. Low missingness for post-
operative white blood cell count, creatinine, and hemoglobin implies that the acute postoperative
physiologic variables were measured for most admissions. Higher missingness for preoperative albu-
min and body mass index implies that some of the slower baseline reserve features were selectively
observed. In addition, the reported skewness of white blood cell count, lactate, and creatinine suggests a
small subgroup with markedly elevated values concentrated among leak cases, while albumin exhibited
left skew with low values overrepresented among positives. These details do not merely describe the
data; they help explain why thresholded model behavior is likely to be locally jagged. A small number
of admissions sitting in the tail of one or more skewed variables can move a tree-based split or influence
the upper tail of a score distribution disproportionately.

The experiment’s design choice to use the validation-set F;-maximizing threshold should also be
treated as part of the empirical frame rather than as a neutral technicality. The F} criterion treats false
negatives and false positives symmetrically in a harmonic way. That may be acceptable for a comparative
proof-of-concept analysis, but it imposes a particular error trade-off. If the cost of a missed leak is much
greater than the cost of an unnecessary workup, the clinically desirable threshold would shift. If the
opposite is true because alert fatigue or imaging capacity is binding, the threshold would shift differently.
The present paper therefore treats the reported threshold not as the true or optimal operating point, but
as one observed compromise around which local instability and decision switching can be examined.

A final point concerns what this reconstruction can and cannot do. Since patient-level predicted prob-
abilities are unavailable, the analysis cannot redraw complete ROC or precision-recall curves, cannot
compute exact nonparametric confidence intervals for AUC, and cannot locate the full threshold trajec-
tory of each model. It can, however, perform a rigorous finite-sample reading of what the published
metrics already imply. That is enough to address the main questions of the paper: how much statistical
resolution the test set contains, how fragile the thresholded distinctions are, and how model preference
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changes when finite-sample behavior is viewed through explicit error costs rather than only through
leaderboard ordering [8].

3. Sampling Resolution and Interval Width

The most immediate limitation of the held-out experiment is numerical resolution. Only forty-nine
admissions in the test set belong to the positive class. That means each positive case carries weight
149 =~ 0.0204 in recall. A single additional retrieved leak raises recall by just over two percentage
points; a single missed leak lowers it by the same amount. This is not a criticism of the dataset. It is
an unavoidable property of rare outcomes. But it does mean that thresholded sensitivity estimates are
inherently coarse. When one model reports recall 0.41 and another reports 0.49, the observed difference
corresponds to only about four admissions. In a leaderboard presentation, that contrast can appear more
stable than it actually is.

A simple way to display this fact is through standard binomial approximations. If 7, is the observed
recall of model m on n; positive cases and p,,, is the observed precision based on k,,, predicted-positive
admissions, then

SEf, =/ ——
ni

Aml - Am
SEpy, = 4/ L —Pm. G.1)
km

These approximations are imperfect because the thresholds were selected on a validation set and
because the k,,, values are reconstructed rather than exact, but they are more than adequate for the present
purpose: they show the order of magnitude of sampling noise around the observed operating points.

For recall, the interval widths are substantial. Logistic regression, with # = 0.57, has SE# =~ 0.071,
implying a rough 95% interval of width about +0.14. Bagged gradient boosting, with # = 0.41, has
SE# ~ 0.070, giving a similar width. The three-way ensemble, with 7 = 0.49, also lies near +0.14.
These are not narrow intervals. They imply substantial overlap among all models except perhaps the
naive Bayes configuration at the high-recall end. The practical interpretation is plain: the experiment
supports the statement that recall in this family of models lies in a moderate range, but it does not support
a sharply resolved ranking among the better configurations based on sensitivity alone [9].

Precision behaves differently because its denominator is the number of predicted-positive admissions
rather than the fixed positive count. For logistic regression, which predicts positive for roughly 107
admissions, the standard error of precision is about 0.042, giving a rough 95% width near +0.08. For
bagged gradient boosting, which predicts positive for only about 47 admissions, the standard error is
about 0.072, and the interval width approaches £0.14. For the three-way ensemble, which predicts
positive for about 59 admissions, the corresponding width is roughly £0.13. Thus the model with the
highest observed precision does not necessarily have the most stable precision estimate. In fact, because
its positive set is small, each additional false alarm or true positive has more leverage on the observed
precision. This is precisely the kind of nuance that a point estimate conceals.

These interval widths matter because much of the narrative around the experiment emphasizes pre-
cision. The bagged gradient boosting model’s precision of 0.43 looks materially better than logistic
regression’s 0.26, and from an operational perspective that difference is indeed large. Yet the uncer-
tainty around the bagged model’s precision is also notably wider. This does not erase the advantage; the
gap is large enough that it remains meaningful. What it does undermine is any temptation to read the
exact decimal values too literally. A thresholded estimate of 0.43 based on fewer than fifty predicted-
positive admissions is not a fixed property of the underlying distribution. It is a sample-level realization
with visible spread.

The same issue extends to the F scores implied by the published precision and recall. Since
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the estimated [ values are approximately 0.357 for logistic regression, 0.206 for naive Bayes, 0.393
for gradient boosting, 0.382 for the target-encoded variant, 0.420 for bagged gradient boosting, and
0.442 for the ensemble. At first glance, the ensemble appears to separate itself from the bagged model
by about 0.022 [10]. But that gap is smaller than the magnitude of F} perturbation induced by a few
event reassignments near threshold, a point that will be formalized in the next section. The observed F}
ordering among the stronger models is therefore best understood as suggestive rather than exact.

AUC is often treated as if it were less exposed to such instability because it integrates over all thresh-
olds. That is only partly true. The threshold-free nature of AUC avoids some local volatility, but its
sampling error can still be substantial when the positive class is small. Under standard large-sample
approximations such as the Hanley-McNeil form, an AUC in the mid-0.7 range with n; = 49 and
ng = 621 carries a standard error on the order of a few hundredths, often around 0.04. This means that
the difference between 0.772 and 0.762, or between 0.762 and 0.754, is well within a range where over-
lap is expected. Even the gap between 0.772 and 0.738, while more noticeable, is still modest relative to
the finite-sample resolution available. The experiment therefore supports a family-level observation that
the boosting configurations outperform logistic regression in discrimination, but it is much less decisive
about the exact internal ranking among the stronger nonlinear models.

The point can be sharpened by focusing on event counts rather than probabilities. The bagged model
retrieves about twenty true leaks, the ensemble about twenty-four, the plain gradient boosting model
about twenty-five, and logistic regression about twenty-eight. These differences are real, but they are not
large on an absolute scale. By contrast, the same models differ in false positives by much wider margins:
around 27 for bagged gradient boosting, 35 for the ensemble, 53 for plain gradient boosting, and 80 for
logistic regression. In other words, the held-out set is statistically better at distinguishing false-positive
accumulation than it is at distinguishing recall among the stronger configurations. That asymmetry is
often hidden by the way model performance is summarized.

A Bayesmn reading leads to a similar conclusion. If one places a Betal, 1 prlor on re recall and updates
with TPm successes in np positive trials, the posterior for recall is Betal TPm7 1 FN . The posterior
means closely track the observed recalls, but the credible intervals remain wide because n is small
[11]. Precision can be treated analogously with k,, predicted-positive admissions as the trial count.
The exact posterior intervals differ from the Wald approximations, especially near the boundaries, but
the substantive picture does not change: uncertainty around thresholded metrics is large enough that
decimal-level distinctions among the better models should not be interpreted as firm hierarchy.

This finite-sample reading does not weaken the overall scientific value of the experiment. Quite the
opposite. It clarifies what the experiment establishes robustly. It establishes that the predictive task is
tractable but difficult, that the tree-based family offers useful gains in selectivity relative to additive
baselines, and that naive Bayes fails badly in probability calibration. What it does not establish with
equal confidence is a finely resolved order among every neighboring model configuration. The test set
does not have that much granularity. A proper empirical reading should therefore combine the point
estimates with an explicit statement of their statistical resolution. Without that, the table can look more
definitive than the data permit.

4. Threshold Volatility Around the F1 Optimum

The previous section treated the published metrics as if the operating threshold were fixed. In reality,
the threshold itself is estimated. It was selected on the validation set to maximize F}, then carried to
the held-out set. This procedure is standard, but in a rare-event problem it introduces a second layer of
uncertainty. The threshold maximizing F7 is sensitive to the exact composition of the validation sample



librasophia 9

and to the local ordering of a relatively small set of admissions near the cutpoint. When those scores are
close, one or two admissions switching sides can change the observed metric balance perceptibly. The
result is a threshold that behaves less like a smooth optimum and more like a jagged local maximizer
[12].

The source of this jaggedness can be seen directly from the definition of Fj. For a thresholded
classifier,

2TP

2P FP FN
2TP
" TP FP P’ “

P =

where P = T'P F'N is the total number of positives in the evaluation set. Since P is fixed, F; changes
only when the threshold reassigns admissions between the four cells of the confusion matrix. But in
a low-prevalence problem, these reallocations happen in discrete chunks, not infinitesimal increments.
A single positive case crossing the threshold changes TP and F'IN simultaneously. A single negative
crossing the threshold changes F'P and T'N. Thus the F surface with respect to threshold is piecewise
constant with jumps rather than smooth in the ordinary sense.

A local sensitivity calculation makes this concrete. Treating T'P, F'P, and F'N as continuous for
approximation, one has

OF, _ 2FP FN
TP~ 2TP FP FN2
or, 2T P
OFP ~  2TP FP FN2
ory 2T P

=— . 4.2
OFN 2TP FP FN? (42)

These derivatives are best interpreted as the scale of local perturbation rather than literal infinitesimal
changes. For the bagged model, with approximate counts T'P = 20.1, F'P = 26.6, and F'N = 28.9, the
denominator 27'P F'P F'N is around 95.7. The resulting local gain from one additional true positive is
on the order of 0.012, while the loss from one additional false positive or one additional false negative
is on the order of 0.004. The corresponding numbers for the ensemble are of similar magnitude. This
matters because the observed F; gap between those two models is about 0.022. A very small number of
cases near threshold is therefore enough to alter that ordering.

The same point can be made in fully discrete terms [13]. Suppose a single predicted-negative leak is
shifted above threshold while the rest of the confusion matrix remains fixed. Then TP increases by 1,
F'N decreases by 1, and

2TP 1 2TP
AF) = — . 4.
""2TP1FPFN -1 2TP FP FN *3)
If instead a single non-leak case is moved above threshold, then F'P increases by 1 and
2TP 2TP
A_Fy 4.4

T9TP FP 1 FN 2TP FP FN'

Evaluated at the operating points of the stronger models, both of these changes are large enough to
shift ', by several thousandths or more. Since the differences among the better models are themselves
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only a few hundredths, one or two admissions around the cutpoint can materially affect the observed
ordering.

This threshold volatility is amplified by the rarity of the positive class. Each positive case is a 2.04%
unit in recall. Precision is also coarse because the predicted-positive sets are not large. The bagged
model’s positive set contains roughly 47 admissions, so each reassignment in that set moves precision
by about 147 ~ 0.021 in the crude one-case sense. The ensemble’s positive set contains roughly 59
admissions, implying a corresponding granularity of around 0.017. These are not negligible increments.
They mean that the thresholded precision values can change in visible steps even when the underlying
score distributions move very little.

The use of validation-set I optimization compounds this problem in a subtle way. The threshold
chosen on the validation split is itself a random function of that sample. If one were to repeat the split
many times, the selected threshold would vary, especially for models with score distributions that have
a flat F; region near the optimum. A flat region is not unusual in imbalanced classification, because
several adjacent thresholds may yield very similar harmonic trade-offs. The held-out performance then
reflects both the intrinsic model behavior and the particular threshold chosen by one finite validation
sample [14]. This is another reason to resist overinterpreting the exact decimal values of precision and
recall in the final test table.

There is also a model-specific aspect to this instability. Logistic regression typically produces a
smoother score distribution because the log-odds are additive and continuous. Tree-based ensembles
often produce more clustered scores, especially when the number of terminal regions is moderate. Clus-
tered scores can create threshold plateaus in which many admissions share similar or identical estimated
risk. When such a plateau straddles the validation-set optimum, the selected threshold can be especially
sensitive to tie-breaking or to which cases happen to sit just above or below the cutpoint. Thus the very
model families that improve selectivity through nonlinear partitioning can also exhibit more pronounced
threshold discreteness.

This observation should not be misread as a defect specific to trees. It is a structural feature of thresh-
old selection under class imbalance. In fact, the sharper upper-tail separation produced by the better
nonlinear models may be clinically beneficial despite threshold jaggedness. The difficulty is interpre-
tive rather than methodological. A thresholded model output should be understood as one draw from
a local optimization problem, not as a uniquely determined fixed point. Reporting only a single preci-
sion and recall pair at that threshold therefore gives an incomplete account of the experiment. A more
informative report would show a narrow threshold neighborhood or, at minimum, the sensitivity of the
operating point to small changes in the cutpoint.

One can see the implications by comparing models that are near one another in the leaderboard. The
ensemble and bagged models are separated by only a few true positives and false positives. Their relative
ranking depends on whether the analyst values peak precision, overall F;, PR-AUC, or some other utility
[15]. Because the thresholds are themselves estimated with finite noise, the empirical distinction between
them should be expressed as a range of plausible operating behaviors rather than a single deterministic
choice. The experiment suggests that both occupy an attractive part of the precision-recall frontier. It
does not suggest that one has unambiguously solved the threshold problem.

This threshold-centric reading yields a more realistic view of model translation. Clinical systems
do not inherit perfect thresholds from development papers. They require calibration, local retuning, and
sometimes different error priorities than F';. When the threshold chosen in development already sits on a
finite-sample plateau, local implementation choices can legitimately move it. For that reason, the thresh-
old volatility revealed here is not just a statistical curiosity. It is part of the bridge from retrospective
evaluation to practical use. A model whose apparent superiority depends on a finely balanced threshold
may be less robust under deployment than its point estimate suggests. A model with slightly lower head-
line performance but a broader stable operating region may prove easier to manage. The held-out table
alone cannot settle that question, but it can reveal that the question exists.
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5. Decision Switching Under Explicit Error Costs

Table 1: Test Set Composition and Class Distribution

Quantity Value Description Proportion
Total admissions (n) 670  Held-out sample size 1.00
Positive cases (11) 49 Leak events 0.073
Negative cases (ng) 621  Non-leak admissions 0.927
Full cohort size 3331 Original dataset -
Prevalence (overall)  0.076 Leak rate -

Table 2: Approximate Confusion Matrix Counts by Model

Model TP FP FN
Logistic Regression 279 79.5 21.1
Naive Bayes 348 255.1 142

Gradient Boosting 250 531 240
Target-Encoded GB  21.1 409 27.9
Bagged GB 20.1 266 289
Ensemble 240 346 250

Table 3: Selected Positive Fraction and Alert Rates

Model Predicted Positives (k;,,) Fraction (o) Interpretation
Logistic Regression 107 0.160 Moderate alert load
Naive Bayes 290 0.433 Very high alerts
Gradient Boosting 78 0.117 Reduced alerts
Target-Encoded GB 62 0.093 Selective
Bagged GB 47 0.070 Highly selective
Ensemble 59 0.087 Balanced

Table 4: Estimated Standard Errors for Recall and Precision

Model Recall SE  Precision SE  Interval Width (Approx)
Logistic Regression 0.071 0.042 +0.08-0.14
Naive Bayes 0.065 0.030 +0.06-0.13
Gradient Boosting 0.071 0.050 +0.10-0.14
Target-Encoded GB 0.070 0.060 +0.12-0.14
Bagged GB 0.070 0.072 +0.14
Ensemble 0.071 0.065 +0.13-0.14

Most comparative model papers stop after reporting thresholded metrics, implicitly assuming that
the reader knows how to weigh them. In practice, the relative harm of false negatives and false positives
determines which model is preferable. A missed anastomotic leak can be clinically serious. A false
alarm may lead to extra imaging, laboratory repetition, senior review, or prolonged monitoring. The
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Table 5: F Scores Across Models

Model Precision Recall Fj Score
Logistic Regression 0.26 0.57 0.357
Naive Bayes 0.12 0.71 0.206
Gradient Boosting 0.32 0.51 0.393
Target-Encoded GB 0.34 0.43 0.382
Bagged GB 0.43 0.41 0.420
Ensemble 0.41 0.49 0.442

Table 6: Switching Thresholds Under Error Cost Ratios

Model Pair A* Preference Above A\*  Preference Below \*
Bagged vs Ensemble ~ 2.0 Ensemble Bagged
Bagged vs Logistic ~ 6.7 Logistic Bagged
Ensemble vs Logistic ~11.5 Logistic Ensemble

GB vs Bagged ~ 54 GB Bagged
Target-Enc vs Bagged > 14 Target-Enc Bagged
Naive Bayes vs Bagged <2 Naive Bayes Bagged

Table 7: Projected Alerts per 1000 Admissions

Model Total Alerts True Positives False Positives
Logistic Regression 163 43 120
Naive Bayes > 400 54 > 350
Gradient Boosting 117 38 79
Target-Encoded GB 93 32 61
Bagged GB 71 31 40
Ensemble 89 37 52

Table 8: Missed Cases per 1000 Admissions

Model Recall Missed Cases Interpretation

Logistic Regression  0.57 33 Lower misses, high alerts
Naive Bayes 0.71 22 High recall, unusable calibration
Gradient Boosting 0.51 37 Moderate trade-off
Target-Encoded GB  0.43 43 Higher misses

Bagged GB 0.41 45 Most economical alerts
Ensemble 0.49 39 Balanced compromise

appropriate balance depends on local capacity, acceptable burden, and the consequence of delay [16].
These considerations can be made explicit by introducing a one-parameter family of linear losses.

Let L,, A\ denote the thresholded loss of model m, where a false negative costs A > 0 units and a
false positive costs one unit. Then

Lin\ = \FN,, FP,,. 5.1

This family does not pretend to represent the full clinical utility of postoperative decision-making. It
deliberately ignores true negatives and true positives, treats all false negatives alike, and treats all false
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Table 9: Top Predictive Features and Roles

Feature Type Role Data Quality
WBC Count Lab Acute response Low missingness
ICU Admission  Clinical state Care intensity Complete
Lactate Lab Perfusion marker Low missingness
Surgery Type Categorical Context Complete
Albumin Baseline Nutritional reserve  Higher missingness
Hemoglobin Lab Post-op status Low missingness

Table 10: Model Calibration via Brier Score

Model Brier Score  Calibration Quality Interpretation
Logistic Regression 0.059 Good Reliable probabilities
Naive Bayes 0.415 Poor Severe miscalibration
Gradient Boosting 0.059 Good Well-calibrated
Target-Encoded GB 0.059 Good Stable
Bagged GB 0.059 Good Reliable
Ensemble 0.059 Good Consistent

positives alike. Its value lies in transparency. It converts the observed confusion geometry into a clear
statement of when one model overtakes another as the false-negative penalty rises.
For any two models a and b, the switching point occurs at

PP, FP,
FN._FN,

*

iy (5.2)

provided the denominator is nonzero. If A > )C:hb, then the model with fewer false negatives becomes
preferable despite any false-positive penalty. If A < A7 ;. the model with fewer false positives is
preferred.

This framing immediately clarifies several comparisons. Consider bagged gradient boosting and the
three-way ensemble. The bagged model has about 28.9 false negatives and 26.6 false positives. The
ensemble has about 25.0 false negatives and 34.6 false positives. Setting the losses equal gives a switch-
ing point near A* ~ 2.0. Thus, if one false negative is valued at more than roughly two false positives,
the ensemble becomes preferable. If the clinical environment treats false alarms as relatively expensive
and false negatives as less than twice as costly, the bagged model is the better choice. This is a much
more informative statement than saying that one model had the best AUC and the other had the best
PR-AUC.

Now compare bagged gradient boosting with logistic regression. Logistic regression produces fewer
false negatives, about 21.1, but many more false positives, about 79.5 [17]. The switching point is approx-
imately A* ~ 6.7. In other words, logistic regression is preferable only if a missed leak is treated as at
least six to seven times as costly as an unnecessary flagged non-leak. If the relative cost ratio is lower
than that, bagged gradient boosting remains better despite missing more events. This is a striking result
because it shows that logistic regression’s higher recall does not automatically make it desirable. Its
extra sensitivity is purchased through a very large false-positive burden.

The same reasoning can be applied to the ensemble versus logistic regression. The ensemble has
both fewer false positives and slightly more false negatives. The switching point is around A* ~ 11.5.
That is a high ratio. It means that unless one is willing to treat a missed leak as more than eleven false
alarms, the ensemble remains preferable to logistic regression on this simplified loss scale. For many
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postoperative surveillance settings, such a high ratio would be difficult to justify, especially if the action
triggered by a positive alert includes costly imaging or resource-intensive review.

The comparison between plain gradient boosting and bagged gradient boosting gives a different pic-
ture. Plain gradient boosting has about 24.0 false negatives and 53.1 false positives, whereas the bagged
model has about 28.9 false negatives and 26.6 false positives. The switching point is near \* ~ 5.4.
Thus plain gradient boosting becomes preferable only once the cost of a missed leak is more than five
times the cost of a false alarm. The bagged model is therefore the more economical default if alert burden
matters. The price of that economy is lower recall.

Target-encoded gradient boosting falls in an even more selective regime. Its false-negative count is
close to that of the bagged model, but its false-positive count is larger. The switching point relative
to bagged gradient boosting is above A & 14, which means that the target-encoded variant is difficult
to justify under this loss family unless one is extremely averse to false negatives [18]. Since its false-
negative reduction relative to bagging is itself very small, its higher false-positive burden overwhelms
the comparison under a wide range of plausible cost ratios.

Naive Bayes is dominated in a practical sense by nearly every other configuration once calibration is
taken seriously. Even before invoking the catastrophic Brier score, its false-positive count is so large that
its higher recall becomes attractive only under very high false-negative penalties. Compared with bagged
gradient boosting, the switching point is below two, but that arithmetic ignores the fact that naive Bayes
probability estimates are poorly scaled. If the model’s risk scores cannot be interpreted numerically, then
any threshold-based deployment becomes unstable, and the simple false-negative/false-positive trade-off
ceases to capture the full extent of its weakness.

The broader lesson is that pairwise model preference is not a scalar property. It is a function of error
cost. The held-out experiment actually contains enough information to draw the switching contours
among the better-performing models. Doing so reveals that the bagged and ensemble configurations
occupy adjacent but distinct decision regimes. The ensemble is attractive when missed events are moder-
ately more costly than false alarms. The bagged model is attractive when alert economy is more strongly
prioritized. Logistic regression only becomes competitive under a very high penalty for misses. This is
a more operationally honest interpretation than claiming a single universally best classifier.

One might object that the linear loss family is too crude because it treats all false negatives and false
positives as homogeneous. That objection is valid, but it misses the purpose of the exercise. The aim
is not to model the full clinical utility function. The aim is to expose the decision assumptions hidden
inside performance comparison [19]. The simplified loss family succeeds in doing exactly that. It shows
that even in a proof-of-concept setting, model comparison is already a decision problem in disguise.
Once made explicit, the structure of that decision becomes easier to reason about.

The same framework also underscores why interval uncertainty matters. The switching points above
are computed from approximate confusion counts. Because those counts inherit sampling variability
and threshold instability, the exact numerical boundaries are themselves uncertain. But the qualitative
ordering is robust. The bagged model occupies the low-burden end. The ensemble shifts toward fewer
misses at modest additional burden. Logistic regression sits much farther toward the high-alert side. The
loss framework therefore complements the interval calculations of the previous sections. The latter show
that some neighboring models are not sharply separated by the data. The former shows that, despite that
overlap, the broad geometry of decision preference is still identifiable.

This cost-ratio reading has a practical implication for how empirical papers should be written. Report-
ing AUC, PR-AUC, precision, and recall is not enough when the models occupy different regions of an
error-cost frontier. At minimum, a paper should either declare the assumed relative error costs or show
how model preference changes as those costs vary. Without that information, a clinician may mistake a
leaderboard for a recommendation [20]. The present experiment is a case in point. Its scientific value is
not exhausted by saying that bagged gradient boosting had the highest AUC and the ensemble had the
highest PR-AUC. The deeper empirical content is that one model is an alert-economical option and the
other is a miss-reducing option, and the preferred choice depends on how the underlying clinical service
values those errors.
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6. Service-Scale Consequences of Finite-Sample Uncertainty

A thresholded model is usually evaluated on a finite held-out set and then imagined as part of a larger
clinical workflow. That transition from test set to service volume is rarely formalized, yet it is exactly
where finite-sample uncertainty becomes operationally visible. A recall estimate of 0.49 or a precision
estimate of (.41 is not experienced in practice as an abstract proportion. It becomes numbers of alerts,
workups, missed leaks, and false alarms per month or per year. If the held-out set is small, those projected
numbers can vary materially even when the point estimate seems stable.

Suppose a surgical service processes IV colorectal resections with an event prevalence 7 similar to
the observed cohort. Let 7, and g,, denote the sensitivity and false-positive rate of model m at its
chosen threshold. Then the expected number of alerts is

EA,, = N{mrm 1 —mgm}
= Nayy, 6.1)

and the expected numbers of true-positive and false-positive alerts are

ET,, = N7ry,
EF,, = N1 —7gp,. (6.2)

In a deterministic projection, these expectations reproduce the familiar per-1000 summaries. But a
service does not receive expected counts; it receives random counts. If one ignores case-mix drift and
assumes independent admissions for approximation, then

VarA,, = Nay,1 — o,
VarT,, = Nntr,1 —rp,
VarF,, = N1 — g1 — gm. (6.3)

These variances already produce appreciable spread at moderate service volumes. The held-out
uncertainty in r,,, and g,, then adds a second layer on top [21].

The service-scale arithmetic is easiest to see for N = 1000. Using the reconstructed rates and the
cohort prevalence near 7.6%, the bagged model is expected to generate roughly 71 alerts, of which about
31 are true positives and 40 are false positives. The ensemble is expected to generate about 89 alerts,
with approximately 37 true positives and 52 false positives. Logistic regression is expected to generate
about 163 alerts, with about 43 true positives and 120 false positives. Naive Bayes would generate well
over 400 alerts, rendering it operationally unattractive even before its calibration failure is considered.

These point projections are informative, but they can mislead if presented without uncertainty. If
the bagged model’s recall is approximately 0.41 with a rough 95% width near 4-0.14, then the expected
number of detected leaks per 1000 procedures lies in a broad band rather than at a single value. Similarly,
the false-positive rate derived from precision and recall inherits uncertainty from both. A service that
plans capacity around the point estimate alone may understate the plausible range of monthly alerts. In
a resource-constrained environment, that matters. The difference between forty and sixty false alerts per
1000 cases is not a trivial planning detail.

One can make the propagation explicit with a delta-method approximation. Let gr,p = nrl—ppl—m
denote the false-positive rate implied by recall r, precision p, and prevalence 7. Then the asymptotic
variance of ¢, = g7m, Dm 1S approximately
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o0\ 2
Varg,, ~ <g) Varr,,
or

g\’ .
(8]9) Varp,,
dg dg

25 a—p Covim, Pm. (6.4)

The covariance term is not identifiable from the published table, so a conservative descriptive reading
can focus on the first two components or regard the omitted covariance as another source of uncertainty.
The practical meaning is straightforward. False-positive rate is not directly reported, but once it is derived
from two noisy thresholded statistics it can fluctuate noticeably, especially when precision is based on
a small predicted-positive set [22].

Service-level uncertainty also highlights the asymmetry between model families. The better nonlinear
configurations differ by relatively few true-positive captures per 1000 admissions but by a nontrivial
number of false positives. The gap between bagged gradient boosting and the ensemble is roughly six
extra true-positive detections at the expense of about twelve additional false alarms per 1000 admissions.
Whether that is acceptable depends on local priorities. By contrast, moving from the ensemble to logistic
regression adds only about six more true-positive detections but at the expense of roughly sixty-eight
more false alarms. Even if the point projections are treated cautiously, the order of magnitude difference
in false-alarm expansion is too large to ignore.

Another subtle consequence of finite-sample uncertainty is that the projected workload may be more
uncertain for the more selective models than intuition suggests. A model with a small selected fraction
produces fewer alerts on average, but each shift in estimated precision or false-positive rate has pro-
portionally greater effect because the upper tail is thin. The bagged model’s appealing alert economy is
therefore accompanied by more sensitivity of its exact projected counts to small sampling fluctuations. In
other words, a narrow predicted-positive set is operationally attractive, but its empirical characterization
requires more care because each admission in that set carries higher leverage.

The same reasoning applies to missed cases. Under point estimates, the bagged model misses about
45 leaks per 1000 admissions, whereas the ensemble misses about 39, and logistic regression misses
about 33. These are sobering numbers regardless of model choice. They show that none of the reported
configurations can function as a low-miss detector on its own. Yet the gap between these values should
not be overread. Given the interval width on recall, the difference between missing 39 and missing
45 leaks per 1000 cases is not known with sharp precision from the held-out sample alone. What the
experiment supports more strongly is a family-level conclusion: lowering missed-case burden tends to
increase alert burden, and the trade-off steepens quickly as one moves away from the more selective
configurations [23].

There is also a prevalence issue hidden inside service-scale translation. The held-out set and the full
cohort have prevalences of approximately 7.3% and 7.6%, respectively. A real service may differ. Since
precision depends directly on prevalence even when recall and false-positive rate do not, the expected
fraction of true alerts would shift under a different event rate. A model that looks manageable in a
higher-acuity critical care environment could appear much less efficient in a lower-prevalence setting
because the same false-positive rate would dilute the alert pool more severely. This observation does not
undermine the present analysis; it strengthens the case for treating the reported metrics as conditional
on the evaluation setting rather than as universal properties.

A final operational point concerns confidence in escalation pathways. If the practical use of the model
is to trigger enhanced surveillance rather than a hard diagnostic decision, then uncertainty around alert
counts may be tolerable. If instead the model is intended to drive resource-intensive interventions, such
uncertainty becomes more consequential. This is why service-scale propagation belongs in empirical
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papers even before implementation is considered. The question is not only whether a model detects
signal. It is whether the amount of uncertainty around the detected signal is compatible with the kind
of action being contemplated. In the present experiment, the better models likely support a surveillance
interpretation more naturally than an invasive decision interpretation, because their expected false-alert
volume remains substantial and their miss rates are far from negligible.

7. Measurement Architecture and Feature Dominance

Thresholded uncertainty is only part of the story. The observed model behavior is also shaped by what
the data look like. The reported importance ranking and missingness description reveal an observation
architecture that helps explain why certain model classes gained selectivity and why one model class
failed so badly in calibration. The useful question here is not merely which variables were important,
but why their statistical form creates the kind of decision surfaces seen in the experiment [24].

The reported leading features were postoperative white blood cell count, intensive care unit admission
status, postoperative lactate, surgery type, and preoperative albumin, with postoperative hemoglobin
and several additional baseline or timing variables also contributing. These features are heterogeneous
in kind. White blood cell count and lactate are acute physiologic signals measured close to the time of
surgery. ICU admission is a care-location state that reflects postoperative acuity, anticipated monitoring
need, or both. Surgery type is a categorical description of operative context. Albumin reflects preopera-
tive reserve and nutritional status. Thus the model is not ranking patients on one homogeneous axis. It
is integrating acute response, clinical context, baseline reserve, and management intensity.

A convenient notation is to partition the observed feature vector x; for admission 7 into four blocks:
baseline reserve b;, surgical context s;, acute laboratory response ¢;, and measurement pattern m;. Then
one may write

T; = bivsiagiami
M = fobs fssi foli frmmy
fszslﬁgi ffmei,mh (7])

where 7; denotes a generic model score. The crucial point is that the cross-terms are likely important.
A postoperative lactate elevation means something different in one surgical context than in another.
Missing preoperative albumin means something different for an emergent admission than for an elective
admission. ICU admission interacts naturally with the laboratory block because it is both a clinical state
and a proxy for intensified observation.

This architecture helps explain why naive Bayes failed so sharply in Brier score. Naive Bayes treats
predictors as conditionally independent given the class label [25]. Here, that assumption is implausi-
ble. White blood cell count and lactate are both manifestations of early physiologic disturbance. ICU
admission is likely correlated with deranged laboratory values. Albumin and body mass index are related
through nutritional reserve. When such dependencies are ignored, the model can double-count evidence.
It may still rank admissions moderately well because the same correlated variables do indicate danger,
but its probability scale becomes distorted. That is exactly the pattern reported in the experiment: recall
remained high, while the Brier score deteriorated to a level that makes the predicted probabilities almost
uninterpretable.

Logistic regression avoids that specific failure because it aggregates information additively on the log-
odds scale and does not require conditional independence. Yet additivity imposes its own limitations.
If leak risk rises sharply only after white blood cell count exceeds a context-specific threshold, or if
the significance of low albumin depends on surgery type, then a purely additive model will blur that
structure unless interactions are manually engineered. The reported superiority of the gradient boosting
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family over logistic regression is therefore consistent with a data space in which important relationships
are thresholded and conditional rather than merely linear.

The skewness pattern reported in the data description reinforces this interpretation. White blood
cell count, lactate, and creatinine were right-skewed, with a minority of patients showing markedly ele-
vated values concentrated among leak cases. Albumin was left-skewed, with low values overrepresented
among positives. Tree-based learners are naturally suited to such distributions because they can place
splits in the tails and isolate relatively small high-risk regions. An additive linear model can capture
monotone trends but cannot localize risk as efficiently in a tail-dominated space unless transformed
features or interaction terms are added. This is another reason the tree-based models likely improved
precision more than recall: they were able to exclude many non-cases from the high-risk region without
radically changing the set of positives identified [26].

The measurement-pattern block m; is equally important. Missingness was not uniform. Routine
perioperative laboratory values had low missingness, whereas preoperative and outpatient-linked mea-
surements had higher missingness. Moreover, missingness indicators were included explicitly in the
modeling pipeline. This means that the model was allowed to treat absence of information as infor-
mation. In a critical-care database, such absence can be meaningful. A missing albumin may indicate
emergency presentation or incomplete preoperative optimization. A present lactate may indicate enough
concern to order it early. The feature space therefore includes both values and patterns of observation.
This makes the modeling problem more realistic, but it also increases dependence across blocks because
observation intensity and physiologic abnormality are themselves related.

One practical consequence is that the observed model behavior cannot be understood as a pure bio-
logical detector. It is detecting a documented postoperative state. That state combines tissue response,
surgical context, and how the hospital saw the patient in the first 24 hours. The high rank of ICU admis-
sion is particularly instructive. It is not a laboratory marker in the narrow sense. It is a management
variable. Its importance suggests that acute postoperative pathway intensity already contains substantial
leak-related information [27]. This does not make the model invalid. It clarifies what type of instrument
it is: a surveillance-oriented classifier operating on the hospital record as an integrated sensor, not a
mechanistic predictor detached from care processes.

The same observation helps interpret the better nonlinear models’ selectivity. If the high-risk region
in feature space is defined by combinations such as elevated white blood cell count plus ICU admission
plus low albumin in a certain procedure subgroup, then a tree-based ensemble can isolate that region
compactly. Logistic regression, lacking such local partitioning unless interactions are hand-coded, will
spread risk more diffusely across adjacent regions. The result is precisely what the confusion counts
suggest: similar families of true positives but very different numbers of false positives. The nonlinear
gain is concentrated in exclusion of negatives rather than in wholesale discovery of new positives.

This reading also moderates how the variable ranking should be interpreted. The leading features
are not necessarily causal in the intervention sense. They are discriminative within this observation
architecture. Postoperative white blood cell count ranks highly because it is both routinely available and
strongly associated with early physiologic stress. ICU admission ranks highly because it compresses
multiple forms of postoperative concern. Albumin ranks highly because baseline reserve matters and
because missingness around it is informative. A high importance score in this setting is best understood
as a marker of statistical leverage within a mixed physiologic-observational system.

Seen this way, the experiment provides more than a model comparison. It offers a partial map of
where the informative signal resides in the first postoperative day. The signal appears to be strongest
when acute physiologic perturbation intersects with care-intensity cues and background reserve [28].
That architecture is consistent with the comparative pattern of the six models. It also helps explain why
threshold selection is unstable near the upper tail: a small number of admissions may occupy extreme
combinations of these variables, and shifting the threshold around them changes the thresholded metrics
in noticeable steps. The measurement architecture and the finite-sample instability therefore reinforce
one another rather than describing separate issues.
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8. Discussion

The empirical picture that emerges from this analysis is more nuanced than a straightforward model
leaderboard. The held-out experiment clearly contains useful signal. It distinguishes a weakly cali-
brated independence-based model from better-behaved alternatives. It shows that tree-based methods
can reduce false-positive accumulation substantially relative to a linear baseline while preserving much
of the recoverable signal. It also demonstrates that structured information available within 24 hours after
colorectal surgery is not empty with respect to later leak. Those are real findings. But the experiment
does not support a highly granular ranking among every neighboring model configuration, nor does it
justify reading the published precision and recall values as fixed properties rather than finite-sample
realizations.

Three aspects of the evidence deserve particular emphasis. First, the positive class is numerically
small enough that thresholded recall estimates are inherently coarse. With forty-nine positive cases in
the test set, each event is worth slightly more than two recall points. This means that differences among
the stronger models often correspond to only a few admissions. That fact should not lead to dismissal
of the results. It should lead to proportionate interpretation. The held-out set is sufficient to establish
direction and broad magnitude [29]. It is not sufficient to end all doubt about fine ordering.

Second, the reported F'i-optimal operating points are much more fragile than a single line in a table
suggests. Because F} is piecewise constant in threshold with discrete jumps, a small number of cases
near the cutpoint can change the observed balance between precision and recall. The magnitude of these
local changes is large enough that the F differences among the better nonlinear models could plausibly
shift under modest perturbation. Once again, the implication is not that the thresholds are invalid. It is
that a threshold chosen on one validation split should be interpreted as one empirical compromise rather
than as a uniquely defined optimal setting.

Third, the main experimental separation among models lies in false-positive burden rather than in the
number of recovered positives. This is an important result because it changes how “improvement” should
be described. The tree-based family does not transform the problem into a high-recall task. Instead, it
trims the upper tail, removing many negatives that the linear baseline continues to place above threshold.
Bagged gradient boosting pushes this selectivity furthest, while the ensemble gives back some of that
economy to recover additional positives. Logistic regression retrieves more positives only by expanding
the alert set substantially. That structure is clinically meaningful, and it is visible even after interval
uncertainty is acknowledged.

The explicit cost-ratio analysis adds another layer to that interpretation. Different models are prefer-
able under different error priorities. The bagged model is a low-alert option. The ensemble is a
moderate-alert option with fewer misses [30]. Logistic regression becomes attractive only when missed
leaks are weighted several times more heavily than false alarms. This is not a weakness of the experiment;
it is a feature of honest interpretation. A comparative paper should not hide the decision assumptions that
turn one metric profile into a preferred model. By writing those assumptions out as switching bound-
aries, one can make the model comparison more useful to readers who operate in different clinical
environments.

The service-scale propagation underscores the same point in operational terms. None of the reported
models can be described as a rule-out instrument. Missed cases remain numerous per 1000 admissions
even under the better configurations. At the same time, none of the useful models is free of false alarms.
The question is therefore not whether the classifier is perfect enough to replace clinical judgment. It is
whether a particular precision-recall regime is acceptable for a particular surveillance or escalation task.
The finite-sample uncertainty around that regime should be part of the answer, because services plan
around volumes, not around abstract proportions.

This paper also suggests a change in how empirical work on rare surgical complications should be
reported. The usual combination of AUC, PR-AUC, Brier score, precision, and recall is necessary but
incomplete. At minimum, a paper of this kind should also provide interval estimates for thresholded met-
rics, a threshold neighborhood showing how sensitive the reported operating point is to small changes,
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and a simple error-cost analysis showing where model preference switches. None of these additions
requires exotic machinery. They are all derivable from the same evaluation framework already used
in the experiment. Yet together they yield a much more faithful description of what the data actually
support [31].

The observation architecture described by the feature ranking and missingness profile points in the
same direction. Since the strongest variables are a mixture of acute physiology, management intensity,
and background reserve, the resulting model is inevitably sensitive to how the first postoperative day is
documented. That makes local threshold stability even more important, because upper-tail scores may
depend on a small number of admissions in which these signals align strongly. It also suggests that future
empirical work should pay more attention to score distribution shape and to the stability of selected
subsets, not only to global discrimination.

Several limitations of the present paper should be kept in view. The analysis reconstructs confu-
sion counts from rounded precision and recall values, so exact integer counts are unavailable. Complete
threshold sweeps and exact confidence intervals for AUC cannot be computed without raw scores. The
covariance language used to describe measurement architecture is interpretive rather than estimated
directly from patient-level matrices. These constraints matter, but they do not undermine the main con-
clusions. The finite-sample scale of the test set is known exactly. The thresholded metrics are known to
sufficient resolution to show their coarseness. The switching structure under simple error costs follows
directly from the reconstructed confusion geometry. Those are the core empirical contributions of the
paper.

A final conceptual point is worth stating. In common-outcome settings, the habit of reading model
comparisons primarily through point estimates is often tolerable. In rare-event postoperative prediction,
that habit is much less defensible. The evaluation sample is too asymmetric, threshold choice is too influ-
ential, and service-level consequences are too sensitive to false-positive accumulation [32]. The present
experiment is valuable precisely because it exposes those features. Read narrowly, it is a competition
among six algorithms. Read more carefully, it is a finite-resolution study of how quickly uncertainty
grows when a low-prevalence endpoint is forced into a thresholded decision framework. That broader
reading is the one most likely to advance the field.

9. Conclusion

The experiment examined here contains meaningful predictive information, but its most important
lessons are not exhausted by the point estimates that headline the model table. With only forty-nine
positive cases in the held-out set, recall is coarse, precision for the more selective models is wide, and
the F-optimal threshold is a locally unstable object rather than a fixed truth. These conditions do not
invalidate the results. They define the resolution at which the results should be interpreted.

Within that resolution, a coherent pattern still appears. Tree-based methods improve selectivity
chiefly by reducing false-positive accumulation. Bagged gradient boosting is the most economical of
the stronger configurations, whereas the three-way ensemble trades some of that economy for fewer
misses. Logistic regression retrieves additional positives only at a much larger alert cost, and naive
Bayes is undermined by severe probability mis-scaling. Which model should be preferred depends on
how strongly missed leaks are weighted relative to false alarms, and the switching boundaries among
the models can be stated explicitly. Rare-outcome surgical prediction should not be reported as though
a single leaderboard settled the matter. Interval width, threshold volatility, and cost-ratio dependence
are part of the empirical result. Without them, a table of point estimates can appear more decisive than
the data allow. With them, the same experiment becomes more informative, because it describes not
only what the models achieved, but also how stable, how contingent, and how operationally meaningful
those achievements actually are [33].
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