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Abstract
We conducted a multi-center empirical study to examine whether external validation, rather
than source-domain fit, determines the main limit on translational credibility for early predic-
tion of colorectal anastomotic leak. Adult patients undergoing colorectal resection with primary
anastomosis were identified in twelve hospitals from 2017 through 2025. Landmark predic-
tion was performed at the end of postoperative day 1 using preoperative, intraoperative, and
early postoperative structured variables. Three model families were compared: penalized lo-
gistic regression, gradient boosting, and a hospital-adaptive generalized additive model with
partial pooling. Performance was evaluated using temporal validation, geographic validation,
calibration, decision-curve analysis, and threshold stability across institutions. The study co-
hort included 21,408 operations, of which 1,472 were followed by clinically significant leak within
postoperative day 10. The highest internal discrimination was achieved by the source-optimized
boosting model, but that model showed marked external calibration distortion and large site-to-
site threshold instability. The hospital-adaptive model had slightly lower internal discrimination
yet materially better external calibration, lower threshold regret, and more stable net benefit.
Observation-intensity variables improved source-domain performance but accounted for a sub-
stantial fraction of transport failure. These findings indicate that the principal translational
obstacle was not absence of predictive signal. It was instability of score meaning once the model
left the environments that generated the original clinical records.

1. Introduction

Anastomotic leak after colorectal surgery remains one of the clearest examples of a complica-
tion that is both clinically important and difficult to predict in a way that travels well across
hospitals [1]. The event is heterogeneous in timing and severity, its early manifestations are
often nonspecific, and the pathway from initial physiologic change to formal recognition is
mediated by local surveillance and intervention habits. These features make leak prediction
attractive for machine learning and simultaneously make it vulnerable to poor external trans-
port. A hospital with aggressive early imaging, frequent inflammatory marker testing, and
low thresholds for reoperation creates one observational world. A hospital that measures se-
lectively, relies more heavily on bedside examination, and delays confirmatory imaging creates
another. A predictor trained in the first setting may perform well because it has learned a
relation between observed records and observed leak events under that world, while the same
numeric score may refer to a different empirical class once exported into the second.

This distinction matters because modern predictive studies are often evaluated in a way that
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Figure 1. Postoperative day-1 landmark design. Preoperative state, operative burden, and structured
postoperative measurements are accumulated until midnight of postoperative day 1, after which the
model predicts clinically significant leak occurring during the early postoperative window.
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Figure 2. Hospital observation regimes differ even when the target complication is nominally the
same. Variation in laboratory repetition, early inflammatory-marker ordering, and imaging escalation
changes the density and structure of postoperative records, creating different empirical environments
for model learning and transport.

privileges source-domain sharpness over portability. If a model separates patients with later
leak from patients without leak inside one institutional dataset, and if internal validation is
done carefully, the result can appear persuasive enough to motivate implementation. In prac-
tice, however, source success does not decide whether a score can support action elsewhere.
Clinicians do not use a model only to admire discrimination. They use it to decide who needs
additional review, early imaging, antibiotic escalation, delayed feeding advancement, or more
intensive bedside observation. Those decisions require more than rank ordering. They re-
quire that the score preserve a reasonably stable meaning at the point where action becomes
plausible. When the meaning of a score shifts across sites, even a mathematically competent
model can become operationally incoherent [2].

Leak prediction is especially sensitive to this problem because the event itself is not a purely
natural endpoint waiting to be recorded. Some leaks are detected because a site obtains
routine inflammatory markers and cross-sectional imaging early. Some are detected later
because surveillance is less intense and clinical suspicion must be higher before confirmatory
workup occurs. Some are partially suppressed from the record because intervention changes
the clinical course before the formal outcome definition is satisfied. Thus the target variable
is not merely a biologic state. It is a biologic state filtered through institutional observation
and response. Any model trained on that target is also trained, to some extent, on local
postoperative practice.

The literature has often acknowledged this issue in general terms while still centering analysis
on source-domain performance. That emphasis has practical consequences. A high-capacity
model will use any reproducible structure that helps reduce source loss. In colorectal surgery,
this can include not only age, albumin, operative difficulty, vasopressor need, lactate, or early
tachycardia, but also the number of laboratory draws, the pattern of missing inflammatory
markers, the speed with which patients move between care areas, and the density of docu-
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Figure 3. Transport-oriented validation ladder. The analysis moves from source-domain resampling
to grouped hospital validation, then to later years in the same hospitals, fully held-out hospitals, and
finally light local adaptation, so that ranking, calibration, and operational stability can be assessed
under progressively harder deployment conditions.
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Figure 4. Mechanism of transport instability. When observation practice changes, the recorded
feature vector and the empirical meaning of a score band change with it; a source-derived threshold
can therefore generate a very different alert burden and different calibration behavior after deployment
in another hospital.

mentation in the first postoperative day. These process signals are not uninformative. They
can be strongly predictive inside one hospital [3]. The translational question is whether their
predictive content is attached to patient state in a stable way or attached to local surveillance
logic in a way that collapses when the environment changes.

Empirical work addressing this question directly is still limited. Many studies proposing leak
models have used single-center cohorts, random resampling, or at most temporal holdouts
inside one institution. That design can control local optimism, but it cannot reveal whether
the score maintains probability meaning across materially different postoperative care path-
ways. The problem is not merely methodological austerity. It is that the object of interest
is different. Source-domain evaluation estimates how well the model predicts under renewed
sampling from the same care regime. Clinical translation requires evidence about renewed use
under another regime. In the absence of that evidence, a model may be both well constructed
and weakly warranted for deployment.

The present study was designed to address that gap empirically rather than rhetorically.
The analysis focuses on adult colorectal resections with primary anastomosis across twelve
hospitals that shared broad clinical purpose and data standards but differed in postoperative
monitoring density, early laboratory use, imaging practice, diversion rates, and escalation
thresholds. Instead of treating those differences as noise to be harmonized away, the study
uses them as the key source of information about generalizability. The main question is
simple to state [4]. If one fits strong postoperative leak-prediction models in a subset of
hospitals, what happens when those models are evaluated in later years of the same hospitals
and then in hospitals that were never used for training? More specifically, which parts of
performance survive, which parts drift, and which model characteristics are associated with
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Figure 5. Feature-layer trade-off. Baseline, operative, and early physiologic variables contribute
portable clinical signal, whereas observation-intensity and missingness structures can add strong
source-domain discrimination but also encode hospital-specific surveillance logic that weakens exter-
nal transport.
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Figure 6. Local-updating pathway after external deployment. Simple intercept repair corrects only
baseline prevalence shift, intercept-plus-slope updating repairs monotone miscalibration more effec-
tively, and limited refitting can recover performance further but moves the model toward a rebuilt
site-specific instrument rather than a lightly adapted transported score.

better transport?

The work was organized around a postoperative day 1 landmark because that timing sits at
a clinically consequential boundary. Earlier than that, available physiologic information is
sparse and much of immediate postoperative instability reflects generic perioperative stress
rather than leak-specific evolution. Much later than that, many clinically obvious leaks will
already have declared themselves or prompted workup, making prediction less useful. The end
of postoperative day 1 therefore offers a tractable and relevant test of translational modeling:
there is enough physiologic and laboratory information to build a nontrivial score, but the
event remains sufficiently early for prediction to affect subsequent care.

Three model families were chosen to make the translational comparison informative rather
than merely algorithmic. The first was a penalized logistic benchmark using transparent pe-
rioperative and postoperative features. The second was a source-optimized boosting model
allowed to extract nonlinear interactions freely from the development data. The third was a
hospital-adaptive generalized additive model with partial pooling, designed to retain flexible
main-effect structure while discouraging site-fragile extremes in score construction. The ex-
pectation was not that one of these models would prove universally superior in every sense.
The expectation was that they would reveal different tradeoffs between source sharpness and
cross-site stability.

The paper follows that empirical logic closely. The next section describes the multicenter
cohort, the landmark feature set, and the hospital-level differences in observation intensity
and event realization that made transport a meaningful challenge [5]. The following section
presents the modeling framework, transport-oriented validation design, mixed-effects calibra-
tion analysis, and threshold-regret calculations. The results section then reports the main
findings, including internal performance, temporal transport, geographic transport, decision-
curve behavior, hospital-level heterogeneity, and model updating. A separate section exam-
ines why some models failed to travel by quantifying the role of observation-intensity features,
hospital-level CT utilization, and marker-ordering patterns. The discussion then interprets
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the empirical findings with respect to translational evidence. The study is not intended as a
final word on leak prediction. Its purpose is narrower and more practical. It asks what the
data say about the relative importance of model construction and external validation when
the goal is to move from retrospective association to a score that a different hospital might
plausibly trust.

2. Data Source, Eligibility, and Outcome Construction

The study used deidentified perioperative records from a twelve-hospital colorectal surgery
network spanning three administrative systems and four metropolitan regions. Seven hospi-
tals were tertiary or quaternary referral centers with dedicated colorectal units, and five were
mixed-acuity general hospitals with elective colorectal programs and variable urgent-volume
exposure. Although the sites shared broad procedure vocabularies, anesthesia charting stan-
dards, and laboratory coding maps, they differed substantially in how the first postoperative
day was surveilled. That variation was deliberate from the standpoint of this study. It cre-
ated a realistic environment in which source-domain models could be genuinely challenged
without moving so far away from colorectal practice that the task itself changed.

All adult patients aged 18 years or older who underwent elective or urgent colorectal resection
with a stapled or hand-sewn colorectal or coloanal anastomosis between January 1, 2017 and
February 28, 2025 were screened. Procedures included right colectomy with ileocolic anasto-
mosis, left colectomy, sigmoidectomy, low anterior resection, reversal of Hartmann procedure,
subtotal colectomy with ileorectal or ileosigmoid anastomosis, restorative proctectomy, and
selected redo pelvic anastomoses [6]. Patients without a primary anastomosis, those with
planned damage-control relook procedures, those dying intraoperatively or before the end of
postoperative day 1, and those with missing operation end time were excluded. To avoid
within-admission correlation, only the index eligible colorectal anastomosis during a hospi-
talization was retained. When multiple hospitalizations occurred for the same patient during
the study period, they were retained if separated by more than 120 days because those later
operations were not clinically exchangeable with the index procedure.

The final cohort contained 21,408 operations. Median age was 63 years, interquartile range 53
to 72 years. Women comprised 46.9% of the sample. The proportion of operations performed
urgently or emergently was 21.7%, but this ranged from 11.4% in one high-volume elective
referral center to 34.8% in a mixed-acuity urban hospital. Diverting stoma creation occurred
in 28.6% overall, with site-level proportions between 14.1% and 46.3%. Open surgery was
used in 38.2% overall, but the distribution of open, laparoscopic, robotic, and converted cases
varied substantially across sites. Median operative duration was 206 minutes overall and
was longest in the referral pelvic surgery units. Preoperative albumin, smoking exposure,
steroid use, renal dysfunction, inflammatory bowel disease, malignancy indication, and prior
pelvic radiation also varied enough across sites that a purely demographic or procedure-level
adjustment would not erase hospital identity.

The landmark for prediction was fixed at 23:59 on postoperative day 1, defined as the first
midnight after the day of surgery. This choice differed deliberately from purely hourly land-
marking [7]. Colorectal leak signal in the first few postoperative hours is typically weak,
while by the end of postoperative day 1 there is enough laboratory, hemodynamic, and doc-
umentation information for a model to be clinically relevant. At the same time, most leaks
have not yet been definitively diagnosed, so the prediction still concerns genuine future de-
terioration. The feature window therefore included preoperative information, intraoperative
variables, and all structured postoperative data accrued between operation end and midnight
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of postoperative day 1.

The outcome was clinically significant anastomotic leak detected by postoperative day 10
or before discharge, whichever came first. The outcome was not defined by a single code
because the study aimed to reflect clinically meaningful leak rather than billing artifact.
A patient was counted as having a leak if one of the following occurred with colorectal
surgical attribution documented in structured source data: urgent reoperation or return to
theatre for anastomotic disruption or fecal contamination, CT-guided or operative drainage
with radiologic or operative evidence of anastomotic dehiscence, endoscopic or contrast-study
confirmation of extraluminal leak requiring intervention, or death preceded by structured
documentation strongly indicating sepsis or peritonitis from anastomotic failure. Hospitals
with local leak registries contributed those registry flags, which were cross-checked against
operative and imaging timelines. Hospitals without such registries underwent algorithmic
screening followed by surgeon review of a stratified sample. The final adjudication protocol
prioritized specificity because the deployment question concerned clinically actionable leak,
not the broadest possible postoperative infectious burden.

Leak incidence was 6.9% overall, representing 1,472 events. Site-specific incidence ranged
from 4.8% to 9.7%. The crude event rate was higher in pelvic anastomoses, emergency cases,
hypoalbuminemic patients, steroid-exposed patients, prolonged operations, and low anterior
resections without diversion, as expected. Even after adjustment for those variables, however,
a nontrivial hospital-level variance remained [8]. That residual variance was consistent with
differences in leak detection, early intervention, case complexity, and postoperative surveil-
lance intensity. It immediately implied that any risk score calibrated in one set of hospitals
might not retain the same event mapping in another.

The development-validation split was intentionally staged. Hospitals 1 through 7 formed
the model-development system. Within those hospitals, operations from 2017 through 2022
formed the primary training set, and operations from 2023 through early 2025 formed a
temporal validation set. Hospitals 8 through 12 were held out entirely until model lock and
served as geographic external validation sites. This design yielded 11,964 development cases,
3,187 temporal validation cases, and 6,257 geographic external cases. An additional 1,346
operations from the external hospitals during the final six months were reserved for local
model updating experiments, not for primary raw-transport evaluation.

Hospital-level differences in the observation process were large enough to motivate explicit
measurement. Median postoperative day 1 white blood cell count frequency ranged from one
measurement in two lower-intensity sites to three measurements in one tertiary pelvic center.
C-reactive protein before the end of postoperative day 1 was obtained in 18.6% of cases in
the least intensive hospital and 72.3% in the most intensive. CT scanning by postoperative
day 3 among patients eventually found to have a leak ranged from 41.8% to 78.6%. Drain
placement at index surgery varied from 9.7% to 58.2% [9]. Structured stoma-output recording
density also differed materially. These patterns were not mere descriptors of local style. They
represented the observational substrate on which a prediction model would operate.

The feature matrix included 132 candidate variables grouped conceptually into five domains.
The first was baseline state, including age, sex, BMI, smoking, diabetes, steroid exposure, al-
bumin, hemoglobin, renal function, inflammatory bowel disease, malignancy indication, and
previous abdominal surgery. The second was operative burden, including urgency, proce-
dure type, anastomotic height proxy, operative duration, conversion, blood loss, transfusion,
vasopressor use, diversion, drain placement, contamination, and hemodynamic instability
markers. The third was early physiologic state, including heart-rate summaries, temperature
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summaries, mean arterial pressure summaries, vasopressor continuation, urine output, and
ward or critical-care location by the end of postoperative day 1. The fourth was inflamma-
tory and metabolic laboratory state, including white blood cell count, neutrophil percentage,
lactate, bicarbonate, creatinine change, hemoglobin change, bilirubin, and early C-reactive
protein where available. The fifth was observation intensity, including count of vital-sign
chartings, number of laboratory panels, elapsed time since last major laboratory domain,
drain-charting density, and missingness indicators for selective measurements.

The decision to include observation-intensity variables was empirical rather than doctrinal.
If these variables improved only internal fit and damaged transport, the results would show
that. If they carried portable signal, they would justify inclusion. In this sense the study
was not designed to prove that process variables are bad [10]. It was designed to estimate
how much local surveillance patterns contribute to both apparent performance and external
degradation.

A preliminary site-identification experiment quantified this contribution. A random forest
trained to predict hospital identity using only observation-intensity and missingness variables
achieved macro-AUROC 0.89 in held-out patients from the development hospitals. The same
classifier trained only on baseline demographics and procedure categories achieved macro-
AUROC 0.66. Thus observation process alone carried strong hospital signature. That finding
did not imply that all such variables were useless for prediction. It did imply that a powerful
model could improve source performance by partially encoding hospital-specific surveillance
logic. This possibility became central in later analyses.

The study protocol was reviewed by the lead institutional review board and approved with
waiver of individual consent because all data were retrospective, deidentified, and used to
evaluate model transport rather than to alter care. The empirical goal was not to produce
another single-center score. It was to determine, under realistic between-hospital hetero-
geneity, what kind of model retained enough stability to be considered plausible for broader
use.

3. Modeling and Validation Strategy
Three model families were specified before analysis. The first was a penalized logistic re-
gression benchmark fit on the full structured feature set using restricted cubic splines for
major continuous predictors and ridge regularization for stability. The second was a source-
optimized gradient-boosting machine with depth-three trees, monotonic constraints on se-
lected laboratory variables, and hyperparameters chosen to maximize average discrimination
in the development system [11]. The third was a hospital-adaptive generalized additive model
with partial pooling. This model used spline bases for nonlinear effects, allowed a subset of
coefficients to vary by hospital through random effects, and penalized excessive site-specific
deviation. It was intended to occupy a middle ground between rigid global modeling and
source-overfit boosting.

The logistic benchmark was included because it remains clinically interpretable and often
transports more predictably than highly flexible models. The source-optimized gradient-
boosting model represented what a purely performance-oriented development strategy would
naturally produce. The hospital-adaptive generalized additive model was designed for a dif-
ferent priority. Its objective was not to maximize discrimination inside the source hospitals
at any cost. Its objective was to estimate a score that could vary enough to capture true non-
linear leak signal while remaining reluctant to encode patterns that were useful only because
one hospital measured or documented in a distinctive way.
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For patient i in hospital h, let xih denote the landmark feature vector and yih ∈ {0, 1} the
leak outcome. The adaptive model used a linear predictor of the form

ηih = α + bh +
p∑

k=1
fk(xihk) +

q∑
r=1

uhrzihr,

bh ∼ N(0,σ2
b),

uhr ∼ N(0,σ2
r), (1)

where fk(·) are smooth global effects and uhr are hospital-specific deviations for a selected
low-dimensional set of variables zihr, chiefly operative burden, diversion, drain placement,
and observation-intensity summaries. The predicted probability was

pih = exp(ηih)
1 + exp(ηih) . (2)

The partial-pooling structure allowed some hospital heterogeneity without giving each site a
fully independent model. In practical terms, it imposed skepticism about large site-specific
departures unless supported consistently.

The boosting model was trained by minimizing hospital-pooled logistic loss, [12]

Lboost = –
H∑

h=1

nh∑
i=1

[
yih log pih + (1 – yih) log(1 – pih)

]
+ λΩ(f), (3)

with tree count, learning rate, minimum leaf size, and subsampling tuned in nested cross-
validation. The adaptive model instead minimized a penalized marginal likelihood that ef-
fectively imposed a transport budget by shrinking hospital-specific effects. This was not
a full worst-case robust optimization problem, but it did encode the practical idea that a
score intended to move across sites should not rely too heavily on unconstrained hospital
idiosyncrasy.

Validation followed a staged design. First, patient-level nested cross-validation inside the
development hospitals quantified source-domain capacity. Second, a leave-one-hospital-out
procedure within the development system measured short-range geographic transport. Third,
a temporal validation in later years of the same seven hospitals tested drift under the same
institutional family. Fourth, the locked models were evaluated without recalibration in the
five geographically held-out hospitals. Fifth, local updating experiments were performed
in those external hospitals using only small calibration samples. This final step addressed
a practical translational question: if raw transport is imperfect, how much local data are
needed to restore usable performance, and does the answer differ by model family?

Discrimination was summarized by AUROC and AUPRC with cluster bootstrap intervals.
Because leak incidence was below 10%, AUPRC and positive predictive value at fixed alert
rates were considered as important as AUROC. Calibration was studied more extensively
than in many prediction papers because the translational concern was not only rank ordering
[13]. For each validation environment, calibration intercept and slope were estimated from

logit Pr(Y = 1 | p̂) = αh + βh logit(p̂), (4)

where p̂ is the model-predicted probability. Flexible calibration curves were then fit with
penalized splines. To summarize hospital-to-hospital variability in calibration, the site-specific
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slopes were entered into a random-effects model

βh = µβ + ξh,
ξh ∼ N(0, τ2

β), (5)

where τ2
β

measured heterogeneity of calibration distortion across external sites. This param-
eter later proved more informative than the mean slope alone.

The operational analysis centered on two thresholding strategies. The first fixed the alert
rate at 10% in the development data and applied the corresponding probability threshold
elsewhere. This represented a resource-constrained implementation in which only a minority
of postoperative patients could plausibly undergo intensified review. The second used the
threshold maximizing the Youden index in the development data. These two thresholds were
carried unchanged to temporal and external cohorts. For threshold τ, the alert burden was

Wh(τ) = Pr
h

(p̂ ≥ τ), (6)

and threshold-specific regret was computed relative to a site-specific utility optimum. Letting
benefit of timely identification be b, burden of unnecessary escalation be c, and missed-event
harm be r, expected utility in hospital h at threshold τ was [14]

Uh(τ) = b Pr
h

(p̂ ≥ τ, Y = 1)

– c Pr
h

(p̂ ≥ τ, Y = 0)

– r Pr
h

(p̂ < τ, Y = 1). (7)

Threshold regret was then

Gh(τ) = Uh(τ∗h) – Uh(τ), (8)

where τ∗h was the best threshold for that hospital under the specified utility ratio. The primary
analysis used b : c : r = 1 : 0.15 : 0.85, reflecting a setting in which unnecessary review is less
harmful than missed leak but not negligible.

To study what features carried nonportable signal, a sequence of prespecified ablation models
was fit. One model used only baseline and intraoperative variables. One used baseline,
intraoperative, and postoperative physiologic values but excluded observation-intensity and
missingness features. One used only observation-intensity and care-process variables. One
removed hospital-location variables but retained laboratory counts and timing. The aim was
not only to identify which features were predictive, but which features produced predictive
gain that did not travel. This distinction matters more to translational modeling than source
importance rankings alone.

The updating analysis used a stepped local-adaptation protocol in the external hospitals.
For each locked model, three updates were considered: intercept-only recalibration with 200
local cases, intercept-plus-slope recalibration with 200 local cases, and limited refitting using
10% of local retrospective data while preserving feature definitions. The purpose was not to
maximize performance with extensive local retraining. It was to estimate whether a model
that transported poorly could be rescued by light updating, or whether its score semantics
were too unstable for modest local correction to help [15].

Finally, decision-curve analysis was performed over risk thresholds from 0.03 to 0.25, which
covered the clinically plausible postoperative action range. Net benefit was calculated in
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each environment and then summarized by hospital-level mean and variance. Rather than
treat decision-curve output as merely supportive, the study used it to assess whether a model’s
apparent predictive strength translated into an actionable advantage once threshold instability
and alert burden were taken into account.

The methodological goal was therefore distinct from a standard development paper. The
analysis did not ask only which model had the best source metrics. It asked which model
family retained enough calibration, decision utility, and threshold stability after leaving its
source hospitals to justify belief that the score still denoted approximately the same clinical
state of concern.

4. Results

Table 1. Cohort characteristics across the multicenter dataset

Variable Overall Range Across Sites Notes
Total operations 21,408 1,102–3,984 12 hospitals
Leak events 1,472 (6.9%) 4.8–9.7% POD ≤ 10
Median age 63 years 59–66 IQR 53–72
Female sex 46.9% 42.1–51.3% –
Urgent/emergent cases 21.7% 11.4–34.8% Variable acuity
Diversion performed 28.6% 14.1–46.3% Protective stoma

Table 2. Model families and structural characteristics

Model Flexibility Key Features Intended Strength
Penalized logistic Low–moderate Splines + ridge Stability, interpretability
Gradient boosting High Tree ensembles Maximize source fit
Adaptive GAM Moderate–high Partial pooling Cross‑site robustness
Feature domains – 132 variables 5 grouped categories
Observation features Included Counts, timing Process signal

Table 3. Internal (source-domain) model performance

Model AUROC AUPRC Calibration Error
Logistic regression 0.794 0.214 0.026
Gradient boosting 0.862 0.327 0.019
Adaptive GAM 0.836 0.288 0.021

The source-domain results initially appeared to favor the most flexible model. In patient-
level nested cross-validation inside the seven development hospitals, the logistic benchmark
achieved AUROC 0.794 with 95% confidence interval 0.784 to 0.804 and AUPRC 0.214.
The source-optimized boosting model achieved AUROC 0.862 with 95% confidence interval
0.854 to 0.870 and AUPRC 0.327. The hospital-adaptive generalized additive model achieved
AUROC 0.836 with 95% confidence interval 0.828 to 0.844 and AUPRC 0.288. Calibration
in this source setting was acceptable after fold-wise recalibration for all three, with expected
calibration error 0.026 for the logistic model, 0.019 for boosting, and 0.021 for the adaptive
model. Had the analysis stopped there, the obvious conclusion would have been that boosting
was clinically superior.
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Table 4. Leave-one-hospital-out validation results

Model AUROC AUPRC Performance Shift
Logistic regression 0.778 0.189 Mild decline
Gradient boosting 0.791 0.205 Large decline
Adaptive GAM 0.811 0.236 Most stable

Table 5. Geographic external validation performance

Model AUROC AUPRC Range (AUROC)
Logistic regression 0.763 0.173 0.742–0.781
Gradient boosting 0.741 0.161 0.701–0.772
Adaptive GAM 0.789 0.207 0.772–0.809

That conclusion weakened immediately under leave-one-hospital-out validation inside the
development system. The logistic model declined to AUROC 0.778 [16]. The source-optimized
boosting model declined much more, to 0.791. The adaptive model declined less, to 0.811.
The same reversal appeared in AUPRC, where logistic regression fell to 0.189, boosting to
0.205, and the adaptive model to 0.236. The source-optimized model was still usable, but its
advantage over the simpler approaches largely disappeared once the validation folds became
hospital-specific rather than patient-specific. This pattern indicated that a noticeable share
of the model’s source superiority depended on stable, site-linked structure even before the
final geographic test.

Temporal validation in later years of the same seven hospitals gave mixed reassurance. The
event rate in the temporal set was 7.2%, slightly higher than in the historical development
period. Logistic regression achieved AUROC 0.781 and AUPRC 0.198. The source-optimized
boosting model reached AUROC 0.829 and AUPRC 0.264. The adaptive model achieved
AUROC 0.821 and AUPRC 0.251. Temporal performance therefore remained better than
leave-one-hospital-out performance for the more flexible models, suggesting that calendar drift
within the same institutional family was less damaging than movement to another hospital.
Calibration, however, already hinted at a divergence in score meaning. Temporal calibration
slopes were 0.91 for logistic regression, 0.79 for boosting, and 0.95 for the adaptive model [17].
The source-optimized model was overconfident in later years even before leaving its original
system.

Geographic transport produced the clearest empirical separation. In the five held-out hospi-
tals, the logistic benchmark achieved pooled AUROC 0.763 with hospital-specific estimates
between 0.742 and 0.781. The source-optimized boosting model achieved pooled AUROC
0.741 with hospital-specific estimates between 0.701 and 0.772. The adaptive model achieved
pooled AUROC 0.789 with hospital-specific estimates between 0.772 and 0.809. AUPRC fol-
lowed the same ranking. The logistic model achieved pooled AUPRC 0.173, boosting 0.161,
and the adaptive model 0.207. Thus the model that looked strongest in the source hospitals
became the weakest of the three in fully external transport, while the hospital-adaptive model
emerged as the most stable and the best overall in the target hospitals.

The magnitude of the external degradation is best understood relative to source-domain
optimism. From patient-level internal validation to pooled geographic validation, logistic re-
gression lost 0.031 AUROC points, the adaptive model lost 0.047, and the source-optimized
boosting model lost 0.121. In relative terms, more than half of the boosting model’s source
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Table 6. External calibration behavior across hospitals

Model Mean Slope Variance (τ2) Interpretation
Logistic regression 0.858 0.003 Moderate drift
Gradient boosting 0.644 0.007 Strongmiscalibration
Adaptive GAM 0.914 0.001 Stable calibration

Table 7. Threshold stability under fixed 10% alert policy

Model Alert Range Variability Operational Impact
Logistic regression 8.4–14.1% Moderate Manageable shift
Gradient boosting 7.2–21.7% High Unstable workload
Adaptive GAM 9.1–12.6% Low Consistent alerts

advantage over logistic regression disappeared by the time it reached external hospitals. The
adaptive model, despite a smaller source lead over logistic regression, retained a larger propor-
tion of its performance after transport. This pattern was highly consistent across bootstrap
resamples [18]. In 94.6% of resamples, the adaptive model outperformed the boosting model
in pooled external AUROC, and in 97.8% it outperformed it in pooled external AUPRC.

Calibration results were even more decisive. The five external hospitals yielded logistic-model
calibration slopes of 0.81, 0.92, 0.85, 0.88, and 0.83. The corresponding slopes for the source-
optimized boosting model were 0.57, 0.64, 0.61, 0.72, and 0.68. The adaptive model produced
slopes of 0.89, 0.96, 0.91, 0.94, and 0.87. The random-effects mean slope was 0.858 with
heterogeneity variance τ2

β
= 0.003 for logistic regression, 0.644 with τ2

β
= 0.007 for boosting,

and 0.914 with τ2
β

= 0.001 for the adaptive model. This is a compact way of stating that
the boosting model was not only miscalibrated externally but miscalibrated differently in
different hospitals. By contrast, the adaptive model remained close to linear calibratability
and exhibited the smallest between-site slope variance.

The raw calibration curves illustrated where this mattered. In the boosting model, predicted
probabilities above 0.20 were systematically too high in two hospitals and too low in one
lower-intensity site, while the 0.05 to 0.12 region was unstable in the opposite direction. The
resulting curves crossed the identity line. This meant that no single intercept adjustment could
repair the score. The adaptive model’s deviations were much milder and mostly monotone,
which is exactly the sort of situation in which simple recalibration can be useful without
altering the clinical ordering of patients. Logistic regression sat in between [19]. It was less
sharp, but its score semantics moved less dramatically.

Threshold behavior exposed an even more important operational problem. The threshold
corresponding to a 10% alert rate in the source development hospitals yielded alert rates of
7.2%, 9.8%, 15.4%, 18.1%, and 21.7% in the five external hospitals for the source-optimized
boosting model. For logistic regression the same source threshold yielded 8.4%, 10.7%, 12.2%,
13.9%, and 14.1%. For the adaptive model, it yielded 9.1%, 10.3%, 11.4%, 11.8%, and
12.6%. In practical terms, the boosting model transformed a fixed alert policy into a different
institution-specific policy depending on where it was deployed. A service planning to review
roughly one in ten patients would, under one external hospital, review closer to one in five.
That sort of drift is not a cosmetic inconvenience. It changes staffing, trust, and downstream
diagnostic burden.

Positive predictive value at the source-derived 10% alert threshold reinforced the same point.
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Table 8. Decision-curve net benefit (external hospitals)

Model NB@ 0.10 NB@ 0.15 Variability
Logistic regression 1.7 1.0 Moderate
Gradient boosting 1.3 0.6 High variance
Adaptive GAM 2.4 1.8 Lowest variance

Table 9. Feature ablation and transport performance

Feature Set Internal AUROC External AUROC Transportability
Baseline + operative 0.771 0.747 Good, limited power
+ Physiology 0.829 0.786 Balanced
Observation only 0.748 0.621 Poor transport
Full feature set 0.862 0.741 Overfit risk

In the development hospitals, PPV was 0.291 for boosting, 0.238 for the adaptive model,
and 0.201 for logistic regression. In the external hospitals, pooled PPV fell to 0.149 for
boosting, 0.197 for the adaptive model, and 0.176 for logistic regression. The boosting model
therefore lost almost half of its source PPV after transport, despite remaining a numerically
valid model. The adaptive model, though less impressive internally, retained far more of its
threshold utility [20]. This was exactly the pattern anticipated if the source-optimized model
had learned score semantics that depended heavily on hospital-specific postoperative care
signals.

Decision-curve analysis formalized that conclusion. Across thresholds from 0.05 to 0.18, the
source-optimized boosting model had the highest net benefit in the source hospitals. In the
external hospitals, it retained superiority only at the very low end of that range and lost it
entirely above threshold 0.09. The adaptive model produced the highest mean net benefit
from 0.08 to 0.17 and the smallest between-hospital variance across the whole range. Logistic
regression had a lower mean net benefit than the adaptive model but a smoother external
decision-curve profile than boosting. At threshold 0.10, mean net benefit per 100 patients in
the external hospitals was 1.7 for logistic regression, 1.3 for boosting, and 2.4 for the adaptive
model. At threshold 0.15, the corresponding values were 1.0, 0.6, and 1.8. In other words,
the adaptive model was not merely more stable. It was also more useful for plausible action
ranges once transport, not just source sharpness, became the evaluative standard.

Threshold regret relative to each hospital’s own retrospective optimum made this even clearer.
Under the primary benefit-cost ratio, the source-derived 10% alert threshold produced mean
regret of 0.9 utility units per 100 patients for logistic regression, 2.8 for boosting, and 0.6
for the adaptive model. The boosting model’s regret was driven partly by missed cases in
low-surveillance hospitals and partly by excessive false-positive burden in higher-surveillance
hospitals [21]. The same nominal score cutoff thus failed in opposite operational directions
across sites. The adaptive model’s lower regret reflected a more coherent transfer of threshold
meaning.

Local updating experiments provided additional empirical discrimination among models. Us-
ing only 200 local cases from each external hospital, intercept-only recalibration improved
logistic regression modestly and the adaptive model substantially, but it barely repaired the
boosting model. Its average calibration slope after intercept-only updating remained 0.67.
Intercept-plus-slope recalibration with the same 200 cases improved boosting to average slope
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Table 10. Local updating effects in external hospitals

Update Strategy Logistic Boosting Adaptive GAM
Intercept only Small gain Minimal effect Strong improvement
Intercept + slope Good calibration Partial fix Near optimal
Limited refit Moderate gain Large gain Minor change
Data required Low Higher Lowest

0.82, logistic regression to 0.95, and the adaptive model to 0.99. Yet even after intercept-
plus-slope updating, the boosting model retained unstable alert fractions because the target
score distribution itself had shifted. A limited local refit using 10% of external retrospective
cases raised boosting’s pooled external AUROC to 0.782 and improved its net benefit, but at
that point the model was no longer functioning as a transported instrument. It had become
a partially rebuilt local model. The adaptive model required the least local data to become
well calibrated, which is operationally important because hospitals rarely possess large, clean,
labeled recalibration sets at the moment of deployment.

The feature ablations explain why these differences arose. A model using only baseline and
operative variables achieved internal AUROC 0.771 and external AUROC 0.747. It trans-
ported relatively well but did not reach sufficient discrimination for clinically attractive use
[22]. A model using baseline, operative, and postoperative physiologic variables but excluding
observation-intensity features achieved internal AUROC 0.829 and external AUROC 0.786.
A model using only observation-intensity, timing, care-location, and missingness variables
achieved internal AUROC 0.748 but external AUROC only 0.621. Thus observation-process
information contributed meaningful internal signal, yet that signal was poorly portable. When
such features were included freely, the source-optimized boosting model used them aggres-
sively. The adaptive model also used them, but to a lesser degree and under shrinkage.

Permutation-importance analysis aligned with the ablation findings. For boosting, the top
ten variables by gain included laboratory-count variables, presence of early C-reactive protein,
count of drain-output charting entries, and location transition by the end of postoperative day
1, in addition to physiologic variables such as tachycardia burden and lactate. For the adaptive
model, the top ten were dominated by albumin, operative duration, diversion, lactate, heart-
rate burden, drop in hemoglobin, vasopressor continuation, urgent status, and temperature
variability. Observation-intensity variables still contributed, but they were no longer among
the leading drivers. This pattern is more than interpretive comfort. It matches the empirical
transport results and suggests that the adaptive model’s smaller source advantage was the
price of refusing to encode local monitoring style too strongly.

A hospital-level meta-regression supplied an additional explanation for external degradation.
The site-specific drop in boosting AUROC relative to internal performance was strongly
associated with hospital-level postoperative day 1 C-reactive protein utilization and early CT
leak workup frequency [23]. Sites whose day-1 inflammatory-marker use and CT utilization
most closely resembled the development hospitals showed the smallest degradation. Sites with
more selective testing showed the largest. The same meta-regression was much flatter for the
adaptive model. This finding tied the abstract notion of transport failure to measurable
workflow differences. External instability was not random; it tracked how similar the target
hospitals were to the source hospitals in the postoperative observational regime.

Subgroup analyses showed that this instability had clinical structure. Among low anterior
resection cases without diversion, the source-optimized boosting model’s external AUROC fell
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to 0.703 and calibration slope to 0.54, while the adaptive model maintained AUROC 0.781
and slope 0.89. Among diverted pelvic cases, both models performed better, but the adaptive
model remained more consistent. In emergency cases, logistic regression nearly matched the
adaptive model in discrimination, suggesting that when postoperative observation becomes
uniformly intense because of obvious acuity, simpler global associations can become more
portable. By contrast, in elective ward-start patients, where variation in how much and
how quickly hospitals looked at the patient was greater, the adaptive model’s advantage
widened. This pattern is consistent with the hypothesis that transport failure was mediated
by differences in observation-process geometry.

The total picture from the main results is therefore coherent. The best source-domain model
was not the best external model because it had internalized too much of the development
hospitals’ postoperative observation logic [24]. The model designed to borrow strength across
hospitals while resisting site-specific extremes lost some local sharpness but transported more
successfully in ranking, calibration, threshold semantics, and net benefit. This is precisely the
empirical pattern one would expect if external validation, rather than source optimization,
were the decisive translational hurdle.

5. Secondary Empirical Analyses of Transport Mechanisms

The main results showed that external transport depended strongly on hospital environment.
The secondary analyses were designed to trace that dependence more directly. The first anal-
ysis treated the score as a partition of patient records and asked whether external hospitals
populated the same score bands with different kinds of cases. For each model, external pa-
tients were sorted into source-defined deciles of predicted probability, and within each decile
the distributions of selected descriptors were compared with those from the development hos-
pitals. In the source-optimized boosting model, deciles seven through nine showed the largest
composition shifts. These score bands in the development data contained high proportions of
patients with repeated inflammatory-marker measurement, drain documentation, and early
step-down or ICU observation. In two external hospitals, the same score bands contained
many more ward patients with sparse early markers but high-risk operative characteristics.
Thus identical score values were aggregating different postoperative trajectories. The adaptive
model showed much smaller decile-level composition shifts.

A second analysis examined a latent surveillance axis. Observation-intensity features were
centered and decomposed by singular value analysis. The first latent factor represented a
continuum from sparse postoperative observation to dense early surveillance [25]. When pro-
jected onto that factor, hospitals aligned in a clinically plausible order. The source-optimized
boosting score correlated 0.39 with the surveillance factor in the development hospitals and
0.34 in the external hospitals. The adaptive score correlated 0.17 and 0.15, respectively. More
importantly, external calibration error in the boosting model rose steadily with the magni-
tude of this projection, whereas calibration error in the adaptive model remained relatively
flat. This indicated that the source-optimized model was using a hidden coordinate strongly
tied to postoperative surveillance intensity, and that the clinical meaning of that coordinate
changed after transport.

A third analysis treated the early C-reactive protein variable as a natural experiment in ob-
servation dependence. In the development hospitals, day-1 C-reactive protein was obtained
broadly enough that both its value and its absence carried information. In two external hospi-
tals the test was used much more selectively. Replacing the raw variable and its missingness
indicator with a coarser clinically motivated binary representation, high value if measured



16 Somsak Wattanapong et al.

and elevated versus all other states, reduced the boosting model’s internal AUROC by 0.011
but improved pooled external AUROC by 0.019 and improved calibration slope from 0.64
to 0.73. In the adaptive model, the same replacement barely changed external performance.
This is an instructive result because it shows that nonportable signal did not come only from
overt process variables such as measurement counts. It also entered through how standard
clinical variables were observed.

A fourth analysis asked whether transport difficulty could be localized to a small fraction of
cases rather than being diffuse [26]. Using the Mahalanobis support score in representation
space, the lowest-support 10% of external cases were compared with the rest. These low-
support cases had a leak rate of 8.1%, not much different from the 6.7% in higher-support
cases, but their records reflected more unusual combinations of urgent operation, sparse early
labs, and delayed stoma-output charting. When these cases were excluded, external AUROC
improved modestly for all models, but threshold stability improved much more for the adap-
tive model than for boosting. This suggests that the adaptive model could partly recognize
unfamiliar regions by producing more conservative score dispersion, whereas boosting often
extrapolated with unwarranted confidence.

The final secondary analysis linked hospital-level transport loss to measurable workflow vari-
ables through meta-regression. Site-level degradation in AUROC, calibration slope, and
threshold regret was regressed on hospital-level postoperative day 1 CT rate, C-reactive pro-
tein utilization, drain placement frequency, and median ward vital-sign density. For the
boosting model, all four covariates had the expected directional association with transport
loss, and the combined model explained 61% of between-hospital variance in calibration slope
degradation. For the adaptive model, the same meta-regression explained only 22%. This
difference matters because it indicates that the adaptive model had partially decoupled itself
from source-like workflow dependencies. The transport barrier had not vanished, but it had
been reduced.

These secondary analyses did not simply confirm that external validation is useful. They
identified why it was useful in this dataset. The main source of fragility was not the inability
to model leak risk at all [27]. It was the tendency of high-capacity source optimization to
absorb local postoperative surveillance logic into the score. Once this was made visible, the
external validation results were easier to interpret, and the superiority of the hospital-adaptive
model ceased to look paradoxical. It was less locally impressive because it was learning a less
local object.

6. Discussion

This study found that for early postoperative prediction of colorectal anastomotic leak, the
main translational problem was not the absence of signal or the lack of high-capacity mod-
eling. It was the instability of the score once the model left the hospitals that generated the
development data. The empirical evidence for that conclusion is strong and internally con-
sistent. The highest internal discrimination came from the source-optimized boosting model.
The best geographic discrimination, the best external calibration, the smallest threshold drift,
and the highest external net benefit came from the hospital-adaptive model. Process-only
features predicted meaningfully inside the development hospitals but transported poorly. Re-
moving or coarsening observation-dependent features reduced internal performance slightly
and improved external behavior. Site-level transport loss tracked measurable differences in
postoperative surveillance practice. These results converge on a common explanation: some
of the most efficient source-domain signal was not portable risk, but portable-looking local
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process.

This matters because it changes the interpretation of what predictive success means in a
clinical study [28]. A model can be statistically sophisticated and still be learning the wrong
kind of regularity for deployment. In a postoperative colorectal setting, regularities in who
gets inflammatory markers, how early drains are charted, how often vitals are entered, or
when CT is obtained are not random noise. They are structured consequences of institutional
care. They genuinely predict leak within the source hospitals because clinicians respond to
evolving concern. Yet once the score is moved to another hospital whose concern pathways
are organized differently, those same cues no longer carry the same meaning. The model has
not necessarily become useless, but it has ceased to be the same instrument.

This is why internal validation alone, even when done rigorously, cannot carry the trans-
lational burden. Patient-level nested cross-validation gave a clear victory to the source-
optimized boosting model. Leave-one-hospital-out validation reduced that advantage sharply
before any truly external test was attempted. The difference between these two internal es-
timates is informative in itself. It shows that a meaningful portion of the model’s apparent
superiority was already tied to within-system hospital regularities. Had the analysis stopped
at patient-level internal validation, the wrong model would likely have been chosen for broader
use. The empirical value of external validation in this study was therefore not incremental
[29]. It was decisive.

The contrast between temporal and geographic validation is also informative. Temporal
performance of the source-optimized model remained reasonably strong, whereas geographic
performance deteriorated much more. This indicates that calendar drift within one institu-
tional family was less damaging than moving into hospitals with different observation and
response regimes. That pattern is easy to understand after the fact. A hospital can change
over time while preserving much of its basic postoperative workup culture. Another hospi-
tal can share the same procedure vocabulary and patient indications while creating a distinct
record-generating ecology. For translation, the second difference was more consequential than
the first.

A particularly important result concerns threshold stability. It is common in prediction papers
to treat threshold selection as a downstream implementation issue. The present data show
that this is too casual. The source-derived alert threshold produced radically different alert
fractions across external hospitals for the source-optimized model. In practice, that would
have meant either undertriage in some hospitals or overburdened review workflows in others.
A model that changes the size of the alerted population by more than a factor of two across
sites has not merely lost a little calibration [30]. It has lost action coherence. The adaptive
model was valuable not only because it discriminated well externally, but because it preserved
a threshold scale that hospitals could govern.

The local updating experiments add another practical lesson. Raw transport was imperfect
even for the adaptive model, but the amount of local data needed to restore good calibration
was modest. For the source-optimized model, however, simple recalibration was often insuf-
ficient because the problem was not only intercept shift or mild overconfidence. The score
itself had drifted semantically. Limited local refitting helped, but at that stage the model
was becoming a new local instrument rather than a transported one. Hospitals considering
adoption should care about this difference. A model that requires only light local calibration
is operationally much more attractive than one that must be partially rebuilt.

The study also has methodological implications for future multicenter predictive work. First,
grouped internal validation should be routine whenever development spans more than one
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site. It provides an early signal of whether source performance depends on local structure.
Second, observation-process variables should not be accepted or rejected categorically [31].
They should be included deliberately and then challenged empirically through ablation and
external testing. Third, model-selection criteria should include cross-site calibration variance
and threshold regret, not only AUROC. A model with slightly weaker internal discrimination
may be the better translational choice if its score means the same thing in more than one
hospital.

There are limitations. The hospitals, although heterogeneous, were all colorectal centers
within one broader national data ecosystem, so the external challenge was substantial but
not maximal. A model surviving this setting might still fail in hospitals with different coding
systems, different postoperative laboratory cultures, or different imaging access. The out-
come, although carefully adjudicated, remained a clinically realized and clinically recorded
leak outcome rather than a pure latent pathophysiologic event. Some external instability
could therefore reflect genuine differences in leak recognition, not only model weakness. In
addition, unstructured note text, radiology narrative content, and bedside examination find-
ings were not used. Their inclusion might improve discrimination and perhaps transport,
although it is equally plausible that they would encode other site-specific habits.

Even with those limitations, the empirical message is clear. For this clinical problem, external
validation was not a secondary quality check. It was the main procedure through which one
learned what kind of score had actually been built [32]. Source optimization alone favored
a model that was too entangled with local postoperative observation. Hospital-adaptive
modeling produced a score less dazzling in the birthplace and more reliable elsewhere. That
tradeoff is precisely what a translational study should make visible.

The findings also connect to a broader problem in surgical machine learning. As Sadanandan
(2024) has observed in closely related leak-prediction work, external validation has remained
much less common than model proposal, leaving a literature with many candidate instruments
and comparatively little evidence about whether any of them retain meaning outside their
original data [33]. The present study suggests that this imbalance is not a minor reporting
issue. It alters which model would be chosen, how thresholds behave, how much recalibration
is needed, and ultimately whether a hospital can attach actions to a score without guessing
what the number means locally.

From a clinical standpoint, the most defensible interpretation is modest. The study does not
show that early leak prediction is impossible. On the contrary, it shows that useful signal
exists and that it can be preserved better when model development is aligned with transport
rather than with source-domain fit alone. What it does show is that translational credibility
cannot be inferred from internal excellence. A postoperative leak score becomes believable
for broader use only after it has survived environments that meaningfully challenge its score
semantics.

7. Conclusion
This multicenter empirical study found that early prediction of colorectal anastomotic leak
was feasible, but reliable translation depended more on external stability than on maximal
source-domain discrimination [34]. The model with the best internal performance was not
the best external model. The model that retained the most external value was the one
whose structure resisted local hospital idiosyncrasy. Observation-intensity and surveillance-
related variables improved source performance but accounted for a meaningful portion of
external failure. Threshold semantics, not just ranking, shifted across hospitals when the
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score depended too heavily on these local processes.

The practical consequence is direct. A hospital considering adoption of a leak-prediction
score should not ask only whether the model predicts well in the data used for publication.
It should ask whether the score has demonstrated stable calibration, stable alert burden, and
low threshold regret in hospitals with different postoperative monitoring and workup patterns.
If the answer is no, then implementation would require substantial local adaptation and the
published score should not be treated as a ready-made clinical instrument.

For model developers, the lesson is equally specific. Source-domain optimization is not a
sufficient development target when the intended use is nonlocal. Grouped internal validation,
explicit transport analyses, observation-process ablations, and local-updating experiments
should be considered part of the primary modeling task rather than optional add-ons. In this
dataset, external validation changed which model appeared best, how thresholds behaved,
and how much recalibration was required. That is strong evidence that generalizability was
not a peripheral concern. It was the dominant translational question [35].
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