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Abstract

Hospitals now generate dense digital traces from perioperative care, ward monitoring, laboratory information systems, imaging
workflows, discharge coding, and longitudinal follow-up platforms. These resources have made it possible to develop increasingly
sophisticated models for diagnosis, prognosis, triage, and complication surveillance. At the same time, healthcare delivery has
become more heterogeneous rather than less so. Institutions differ in admission pathways, documentation intensity, measurement
cadence, intervention timing, escalation norms, and outcome ascertainment. This paper examines the consequences of that het-
erogeneity for translation. The central claim is that generalizability becomes a translational bottleneck because retrospective model
development rarely identifies whether the learned risk surface reflects durable clinical regularity or context-bound structure generated
by local care processes. The analysis develops a framework in which transportable prediction is treated as an identifiability problem
under adaptive clinical environments. In this setting, internal validation is shown to be non-falsifying with respect to contextual
overfitting, because repeated sampling within one environment does not test whether the score survives altered observation, altered
treatment response, or altered labeling. External validation is therefore reinterpreted as multi-environment falsification rather than a
routine add-on. The paper further introduces shadow deployment as an intermediate evidentiary stage between retrospective model-
ing and action-linked implementation, and it argues that translationally credible prediction requires environment-specific calibration
analysis, threshold stress testing, and sequential monitoring under live data streams. The result is a stricter but more operationally
meaningful account of what it takes for a clinical model to become usable outside the site that created it.

1. Introduction clinician skepticism, information-technology constraints,
or the conservatism of regulatory pathways. Those expla-
The contemporary landscape of clinical machine learn- pations are not wholly wrong, but they are incomplete.
ing presents an unusual contrast between local technical  Much of the difficulty lies earlier, at the level of evidence.
success and uncertain translational value [1]. On the one A model that seems statistically persuasive in the environ-
hand, there is no shortage of models that perform well ment that produced it may not yet answer the question that
in retrospective studies. Electronic health records, wave- 3 new environment would ask of it.
form repositories, surgical registries, and integrated imag- That question is not merely whether the score con-
ing databases make it increasingly straightforward to ex-  tinues to sort higher-risk from lower-risk cases. In a hos-
tract complex predictor sets and to train flexible estimators  pjtal, a model acquires meaning only through use. A risk
that achieve appealing levels of discrimination in develop-  estimate may guide who receives additional review, who
ment cohorts. On the other hand, only a small fraction  js monitored more closely, who is sent for imaging, who
of those models appear to survive the journey from a ret- s transferred, or how clinicians interpret signs that are al-
rospective report to a stable instrument in routine care. ready borderline. Each of these uses assumes that a given
The usual explanation appeals to implementation friction, pumerical output retains approximately the same practi-
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Figure 1: Transportable prediction can be viewed as an identifiability problem in an adaptive clinical environment. The observed
score is learned from measurements and labels that are jointly shaped by latent illness, treatment response, and context-dependent
labeling, so retrospective fitting alone cannot separate durable signal from care-process artifacts.
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Figure 2: Internal validation repeatedly resamples a single environment and therefore cannot falsify contextual overfitting. Multi-site
external validation plays a different role: it probes whether the score survives changes in observation process, treatment regime, and
outcome ascertainment, making transport assessment a falsification exercise rather than a routine appendage.

cal interpretation when conditions change. Yet those con-
ditions are rarely stable across institutions or over time.
Laboratory tests are ordered under different thresholds of
concern. Documentation density differs by service line
and staffing pattern. Rescue interventions occur at differ-
ent times. Outcome labels are assembled from different
combinations of review, coding, and surveillance [2]. The
same variables can therefore participate in different empir-
ical relations depending on where they are measured. A
predictor trained in one setting learns from those relations
as they exist there, not from some context-free clinical re-
ality suspended above local practice.

This is why the conventional development narrative
can be misleading. It begins from a dataset, splits or re-
samples that dataset, optimizes model parameters, reports
internally validated metrics, and concludes that the re-
sulting score is promising for future use. The logic ap-
pears rigorous because it controls optimism relative to the

source data-generating process. Yet the core translational
question concerns another process entirely. A clinician
contemplating adoption is not asking how the model be-
haves under repeated partitions of the original cohort. The
clinician is asking whether the score means the same thing
when the monitoring cadence differs, when patient flow
differs, when intervention timing differs, and when the
target event is documented under another institutional rou-
tine. Internal validation does not address those conditions,
because it never leaves the jurisdiction of the source pro-
cess. It tests stability under repetition, not stability under
relocation.

A more precise account must therefore begin by ask-
ing what a clinical prediction model is actually estimat-
ing. The familiar notation Pr(Y = 1 | X) suggests that a
model maps observed predictors to an observed outcome.
In practice, the observed predictors are themselves institu-
tional products. They arise through measurement systems,
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Figure 3: Shadow deployment creates an evidentiary stage between retrospective development and action-linked use. The model
runs on live data, but care remains unchanged; silent scores are logged and paired with subsequent outcomes to evaluate calibration,
threshold behavior, and operational plausibility before any implementation decision is made.

Table 1: Environment Components in Clinical Prediction Systems

Component Description Effect on Data Variability
Observation Op Measurement process Alters feature availability High
Action Ap Treatment policy Changes outcome pathways  High
Labeling Lp Outcome construction Affects target definition Moderate
Latent state H True physiology Underlying signal Low

ordering behavior, documentation conventions, and care
intensity. The observed outcome is likewise a composite
generated by surveillance, adjudication, intervention suc-
cess or failure, and coding practice. A model fitted to these
variables is not directly estimating a universal physiologi-
cal law [3]. It is estimating a relation embedded in a local
care ecology. This does not make the model unscientific.
It does mean that broader use demands broader evidence.

Once the problem is stated this way, generalizabil-
ity stops looking like a secondary desirable property and
starts looking like the core translational unknown. A
model that cannot be shown to preserve interpretation un-
der changed conditions has not yet demonstrated that it is
more than a local artifact, even if its local performance is
excellent. That unknown is amplified by the adaptive char-
acter of healthcare. Hospitals are not static observational
settings. They respond to prediction. If a score is de-
ployed and clinicians act on it, then the empirical relation
between predictors and recorded outcomes can change.
The model is inserted into the very system from which its
future data will be drawn. Prediction in clinical care is
therefore unlike prediction in a passive environment. It is
entangled with intervention, and that entanglement makes
naive notions of transport especially fragile.

The aim of this paper is to develop a technical and
conceptual framework adequate to that problem. Rather
than describing external validation as a stronger version
of internal testing, the paper treats it as multi-environment
falsification. Under this view, the main danger in retro-
spective model development is not simply variance or con-

ventional overfitting. The main danger is contextual over-
fitting: the model’s ability to exploit structural regulari-
ties of one care environment that look like durable signal
because they are stable within that environment. Internal
validation cannot falsify such overfitting, because all of its
resamples inherit the same environment [4]. A model be-
comes translationally credible only when it survives con-
tact with other environments whose observation patterns,
treatment responses, and labeling practices differ in clini-
cally relevant ways.

The discussion proceeds accordingly. The next sec-
tion frames prediction as an identifiability problem under
adaptive care processes. A later section explains why in-
ternal validation is non-falsifying with respect to contex-
tual overfitting and why high internal performance can co-
exist with deep translational ambiguity. The paper then
analyzes how institutional policy and workflow distort
the geometry of observed risk surfaces. After that, ex-
ternal validation is reconstructed as a multi-environment
falsification strategy, not a ceremonial external test. The
subsequent section introduces shadow deployment as an
evidentiary bridge between retrospective modeling and
live, action-linked use. The final analytic section turns
to the broader structure of translational evidence, arguing
that current benchmark cultures reward local fit more effi-
ciently than they reward portable meaning. The position
taken is intentionally moderate. It does not imply that
broad transport is impossible. It implies that without ex-
ternal falsification and live-environment evidence, many
apparently successful prediction models have not yet iden-
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Table 2: Sources of Contextual Overfitting

Source Mechanism Internal Validation Effect Transport
Risk

Workflow patterns Stable routines Reinforced High

Measurement bias Selective testing Invisible High

Coding practices Documentation rules Preserved Moderate

Care intensity Monitoring density Stabilized High

Table 3: Validation Types and Their Limits

Validation Type Data Source What It Tests Limitation

Split-sample Same dataset Sample optimism No env
change

Cross-validation Same environment Stability No falsifica-
tion

Temporal Same site later Drift over time Limited shift

External New site Environment change Depends on
diversity

tified the quantity that bedside use would require them to
estimate.

2. Predictive Estimands Under
Adaptive Care Processes

A clinically deployed model is asked to estimate future
risk from present records, but those records are neither
direct readings of latent patient state nor neutral measure-
ments unaffected by care. A more accurate formulation be-
gins with an unobserved state vector H, representing phys-
iology, anatomical status, disease burden, prior exposure,
and other determinants of future clinical events. What the
model sees is a record vector X, and the relation between
H and X is produced by a care process rather than a fixed
sensor. Clinical staff decide which tests to order, how of-
ten to chart, when to escalate, and what to document. As
a result, the observation of state is selective, time-varying,
and institutionally mediated [5].

Let D index an environment, where an environment
comprises a hospital, service configuration, documenta-
tion system, staffing pattern, and associated care routines.
Let Op denote the observation mechanism, Ap the treat-
ment and response policy, and L p the labeling mechanism
through which future outcomes become recorded events.
A minimal probabilistic representation is

X = Op(H,Uo)
A= Ap(H,X,Uy)

Y = Lp(H, A, UpL), ¢5)

where Up, U 4, and U, summarize stochastic variation not
captured explicitly. The crucial point is that Y depends
on A, and A depends on X, so the recorded outcome is
already entangled with the observed record and with the
local policy that interprets that record. The model does not
simply recover a hidden latent function from a noisy snap-
shot. It learns from a care-mediated process in which ob-
servation and intervention are part of the data-generating
system.

The estimand commonly implied by predictive stud-
ies is the environment-specific conditional law

mp(w) = Pr(Y = 1] X = ). @)
This object is entirely legitimate, but it is narrower than
translational language often suggests. A score estimated
from environment d is informative about n4(x), not au-
tomatically about 7;(x) for some target environment ¢.
Whether those two quantities are similar enough for prac-
tical transport depends on how observation, action, and
labeling mechanisms differ across d and ¢. If all three
mechanisms were invariant, the transport problem would
be mild. In healthcare they rarely are.

The distinction matters because the same observed
vector can encode different latent states in different en-
vironments. Suppose an elevated biomarker is measured
selectively in one hospital only when concern is already
high, but almost routinely in another. A particular numeric
value of that biomarker is then embedded in different ob-
servation contexts [6]. In the first environment its pres-
ence already signals clinician suspicion; in the second it
carries less additional information. The conditional law of
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Table 4: Types of Risk Surface Drift

Drift Type Cause Effect on Model Detectability

Policy drift Intervention timing Calibration shift Moderate

Observation drift Measurement changes Feature distortion High

Label drift Outcome definition Target mismatch Low

Population drift Case-mix change Distribution shift High

Table 5: External Validation as Falsification

Aspect Traditional View Falsification View Implication

Purpose Performance check Hypothesis testing Stronger evi-
dence

Dataset Independent Challenging matters

Outcome Single metric Multi-metric Rich insight

Interpretation Pass/fail Failure modes Informative

the outcome given the observed vector therefore changes
even if the underlying pathophysiology has not. This is
not simply a nuisance of missing data or marginal imbal-
ance. It reflects a genuine change in the mapping from
latent state to observed evidence.

One way to make this visible is to factor the environmen

specific risk through latent state:

wo(e) = [ BRY = 1| H = h.X = 2)dFp (| 2).
@

Transport becomes difficult because both the conditional
event term and the posterior state distribution can vary by
environment. The posterior term changes when observa-
tion policies differ, since the same observed record is com-
patible with different latent states depending on how and
why the record was produced. The conditional event term
changes when interventions triggered by the record differ,
since the same latent state can lead to a different future out-
come under another care policy. A model that fits 7,4 (x)
well can therefore fail to estimate 7;(z) for two separate
reasons that are rarely disentangled in routine reporting.
This adaptive-process perspective also clarifies why
some features that look clinically sensible are nonetheless
transport-fragile. A variable may be closely tied to pa-
tient state and yet owe much of its predictive value to how
its measurement is triggered. Time-to-test, repetition fre-
quency, and missingness pattern are obvious examples,
but the problem extends further. Even a directly measured
laboratory value can inherit transport fragility if the tim-
ing, normalization, or patient subset on which it is ob-
served differs enough across environments. What looks
like stable signal from the perspective of the source envi-
ronment may partly encode local clinical attention.

An explicit decomposition helps. Let the observed
record be written as

X — Xstate + Xcare, (4)
where X stie carries direct information about latent patient
condition and X "¢ carries information about the local
process by which the condition became observed. The de-
composition need not be exact or identifiable from one en-
vironment alone [7]. It is a conceptual reminder that em-
pirical risk minimization does not know which part will
travel. It simply uses whichever part reduces loss in the de-
velopment setting. If X is highly stable and highly pre-
dictive within that setting, the model can lean on it heavily
without suffering any detectable penalty in internal valida-
tion.

There is a further complication. The recorded out-
come may not represent the same clinical quantity as the
latent event of real interest. Let E denote a latent adverse
process such as deterioration, complication, or disease
progression. The model, however, is trained on Y, the
recorded label. These are connected through the labeling
mechanism:

Y:LD(Ea‘SDaAD)v (5)

where Sp denotes surveillance intensity or ascertainment
behavior. If surveillance differs, then the same latent event
burden can produce different recorded labels. If treatment
differs, then some latent events may be mitigated before
they manifest as recorded complications. The recorded tar-
get is therefore policy-sensitive. The model may be excel-
lent at predicting how one system records the event while
remaining weakly informative about how another system
would.
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Table 6: Shadow Deployment Analyses

Analysis Objective Metric Benefit
Feature availability Real-time inputs Missing rate Feasibility
Shadow calibration Probability accuracy m(s) Reliability
Workload estimation Alert burden W(r) Usability
Temporal monitoring Stability Rolling stats Drift  detec-
tion

Table 7: Performance Dimensions Across Environments
Dimension Metric Importance Stability Need
Discrimination AUC Ranking Moderate
Calibration Slope/intercept Probability meaning High
Utility Net benefit Clinical action High
Workload Alert rate Operational cost High

In this setting the very notion of a universal clinically
useful score depends on hidden invariance assumptions.
The implicit hope is that there exists a representation ¢ (X)
for which

Pr(Y = 1] 9(X) = 2) = Pr(Y = 1| 9(X) =2) (6)

across relevant environments D and D’. That is a strong

claim [8]. It requires that the representation strip away

environment-specific observational and policy artifacts

while retaining clinically durable structure. Standard model
development does not test this claim. It simply assumes,

often without naming the assumption, that the learned re-

lation will not break when the environment changes.

The translational problem can therefore be restated
as follows. A retrospective study yields an estimate of an
environment-bound conditional law. Bedside use, how-
ever, requires a conditionally stable law across environ-
ments sufficiently similar to the intended deployment con-
text. The gap between those two objects is not a technical-
ity. It is the reason that external validation must do more
than quantify general optimism. It must probe whether the
model has identified a clinically transportable estimand or
merely alocally serviceable one. Without that probe, retro-
spective performance remains evidence of fit, not evidence
of portability.

3. Why Internal Validation Cannot
Falsify Contextual Overfitting

Internal validation is designed to estimate how much a
model benefits from accidental fit to peculiarities of the
development sample. That is a useful objective. It can re-
veal excessive parameter tuning, instability from limited

events, and poor optimism control. Yet internal validation
addresses only one family of errors: those that vary un-
der resampling from the same environment. Contextual
overfitting belongs to another family. It arises when the
model captures durable regularities of the source environ-
ment that are not durable regularities of the broader clin-
ical task [9]. Because those regularities are reproduced
across train-test splits within the same environment, inter-
nal validation treats them as legitimate signal. In conse-
quence, a model can receive impeccable internal support
while remaining deeply ambiguous for translation.

A convenient way to formalize this is to distinguish
sample variation from environment variation. Let R4(f)
denote the predictive risk of model f in development en-
vironment d under loss ¢:

Ra(f) = Ex,yymp, [L(f(X),Y)]. @)

Internal cross-validation targets an estimate of R4 (f) or
of the optimism-corrected counterpart associated with
models trained repeatedly under the same environment.
The translational object of interest is instead R¢(f) for
some target environment ¢. The difference

Aai(f) = Re(f) = Ra(f) ®)

cannot be estimated by internal validation because no in-
ternal resampling scheme changes P, into P;. This is ob-
vious in one sense, but its consequences are often under-
stated. A methodology can be exceptionally careful about
within-environment optimism and still remain silent about
the quantity that deployment decisions care about most.
The problem grows more acute when one notices

that contextual overfitting can produce highly stable source-
domain gains. Suppose the true transportable signal is en-
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Table 8: Benchmark Regimes Comparison

Feature Monoculture Transport-aware Outcome
Datasets Single-site Multi-site Better cover-
age
Metrics Discrimination Multi-dimensional Richer eval
Reporting Aggregated Heterogeneous Transparency
Goal Local fit Portability Translation
Table 9: Stages of Translational Evidence
Stage Setting Evidence Type Risk
Development Retrospective Internal metrics Context bias
External validation New datasets Falsification Partial shift
Shadow deployment Live passive Operational fit Pre-policy
Active deployment Live active Sequential monitoring Feedback
effects

coded in a low-dimensional stable component Z, but the
development environment contains an additional struc-
ture R, tied to local workflow, documentation behavior,
or surveillance intensity. A model with enough flexibility
can learn

fd(X):g(ZaRd)7 )

where R, improves source performance even though it
will not be available, or will mean something different,
elsewhere. Because R is stable across the entire devel-
opment environment, its predictive contribution does not
vanish under internal splits. In fact, the more reproducible
the local structure is, the more internal validation will en-
dorse it. What looks like reassuring stability is therefore
compatible with a deeper form of fragility.

This can be framed through a bias decomposition.
Let f; be the target-optimal predictor for environment ¢
within a function class . Then

Rilfa) = RolF) = (Ralfa) = Ralf3))
+ (Rulfa) = Ralfa))
— (R = Ralfd). (10)

where the first term is the source-environment excess risk
and the remaining terms capture environment mismatch.
Internal validation chiefly addresses the first term [10].
Contextual overfitting lives in the mismatch terms. A
model can have negligible internal excess risk and still
incur large target excess risk because the learned function
leans on source-environment structure that the target does
not reproduce.

The same point can be stated in more qualitative lan-
guage. Internal validation asks whether the model has
learned the development environment well in a way that
is robust to sample perturbation. It does not ask whether
the environment itself is a misleading tutor. A hospital
with unusually thorough charting, unusually frequent lab-
oratory repetition, or an unusually stable response proto-
col can teach a model relations that generalize perfectly in-
side that hospital and poorly outside it. Internal validation
is blind to this because it never changes the tutor. It audits
the student under repeated versions of the same exam.

This blindness is particularly problematic when model
selection is performed adaptively. Development pipelines
often compare many feature sets, preprocessing options,
architectures, and hyperparameter combinations, even when
they are packaged under a single final model report. Such
pipelines are already vulnerable to selection-induced op-
timism, which careful internal validation tries to control.
But even if that control is done correctly, the winning
model may be the one that best exploits context-specific
structure. Source-domain competition among models re-
wards any exploitable regularity that is stable within that
environment. There is nothing in the selection criterion
that privileges transportable signal over local surrogate
signal unless the developer explicitly designs for it.

The consequence is a non-falsifiability problem. A
scientific claim is weak when the available procedure can-
not reveal its failure [11]. If the substantive claim is that
the model captures clinically durable structure relevant
outside the development site, internal validation is weak
evidence because the procedure is not positioned to fal-
sify environment-bound success. The claim might be true,
but the method does not really challenge it. This matters
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Figure 4: After deployment, translational credibility depends on ongoing surveillance rather than a one-time validation result.
Environment-specific calibration checks, threshold stress testing, and sequential monitoring convert live performance into a gov-
erned process with explicit paths for maintenance or recalibration as practice patterns drift.

not only philosophically but operationally. A field can
accumulate many internally convincing papers without
accumulating corresponding evidence about portability,
because the central translational failure mode is not being
probed.

It is useful to contrast ordinary noise fitting with con-
textual overfitting. Noise fitting attaches the model to fluc-
tuations that would disappear under another sample from
the same environment. Contextual overfitting attaches the
model to regularities that persist under every sample from
the source environment but not under environment change.
The second form is more dangerous because it survives all
the usual internal checks and therefore presents itself as
genuine model competence. One could even say that con-
textual overfitting is the natural outcome of empirical risk
minimization when the environment itself contains highly
structured shortcuts. The model is doing exactly what it is
asked to do.

This helps explain why performance deterioration
across hospitals is often surprising to investigators but
not mysterious once one looks at the data-generating pro-
cess. A development study may have used common-sense
features, careful regularization, and proper internal val-
idation. Yet the model’s success may still depend on
patterns of test ordering, coding sequence, or postproce-
dure surveillance that carry different meanings elsewhere.
Since those patterns are part of the empirical record, the
model has no reason not to use them. It does not know
which correlations are civic locals and which are interna-
tional travelers.

A stricter validation logic is therefore needed [12].
To falsify contextual overfitting, one must change the en-
vironment. More precisely, one must expose the model to
environments that perturb the observational, treatment, or
labeling structures in ways relevant to intended use. If the
score remains interpretable, confidence in transportable
signal increases. If it degrades, then the failure reveals
not simply that the model was bad, but that the source evi-

dence never isolated the transportable component strongly
enough. External validation is central because it provides
that perturbation. Without it, internally polished success
may still be little more than local literacy.

4. Risk Surface Drift from
Institutional Policy and Workflow

The difficulty of transport does not arise only from changed
patient populations. It also arises because institutions re-
shape the very geometry of the risk surface that a model
learns. The mapping from records to future events is in-
fluenced by when clinicians intervene, which thresholds
trigger workup, how monitoring intensity escalates, and
how outcomes become visible. These institutional poli-
cies change the observed relation between current predic-
tors and future labels. A score trained in one policy regime
may therefore face a different risk landscape when moved
to another, even if the underlying pathology is unchanged.

To see this, let Pp(A | X, H) denote the response
policy in environment D. Because action affects future
outcomes, the recorded event risk satisfies

np(x) =Pr(Y =1[X =)

:/Zl;)r(Y:HH:h,X:x,A:a)

X Pp(A=a|H=h,X=2x)dFp(h|x).
(1)

The dependence on policy enters twice: through the ac-
tion distribution and through the posterior over latent state
given the observed record. As a result, two environments
can share similar latent disease processes and still produce
materially different observed risk surfaces. The model
does not see those surfaces as policy artifacts. It sees them
as the target function [13].
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Consider a simple example. In one hospital, border-
line postoperative signs trigger immediate imaging and
early source control. In another, the same signs prompt
watchful waiting unless further deterioration occurs. A
model trained on the first hospital learns from data in
which high-risk trajectories are partially interrupted by
early action. A model trained on the second learns from
a risk surface closer to untreated progression. Neither
model is intrinsically wrong. Each is adapted to a differ-
ent policy-coupled reality. Transporting one to the other
changes both the meaning of early signs and the outcome
frequencies attached to them.

This phenomenon can be written as a policy pertur-
bation of the risk surface:

Ne(7) = Na(x) + 6pot () + dobs () + v (),  (12)
where Jp01 captures changes induced by response policy,
dobs captures differences in observation and measurement,
and Jy,, captures differences in label construction. The
decomposition is schematic, but it is analytically useful
because it shows that risk drift is not a single monolithic
process. Some drift may be mostly intercept-like, some
may distort slopes, and some may concentrate in restricted
parts of the state space. In practice, the distribution of
these distortions matters more than any average metric. A
model can look externally respectable by global discrim-
ination while failing badly in the regions where clinical
thresholds are set.

Workflow effects can also create topological distor-
tions in the observed feature space. Suppose that high-
concern cases receive repeated measures and richer notes,
while low-concern cases remain sparsely documented. The
resulting records may cluster not only by latent state but
by care intensity [14]. A flexible model can exploit these
clusters because they predict outcomes within the source
environment. When moved to a site with flatter documen-
tation practices, the same clusters disappear or reorganize.
What changes is not simply the average value of a feature,
but the local neighborhood structure that the model uses
to interpolate risk.

A graph-based representation is helpful here. Let pa-
tients in environment D form a similarity graph G p in ob-
served feature space, with edge weights based on clinical
similarity as represented by the recorded predictors. The
model’s behavior can often be interpreted locally through
neighborhoods on this graph. If the environment changes,
the graph changes. Nodes that were close because of one
site’s documentation cadence may not be close in another.
A score that depends on local neighborhoods therefore

experiences a kind of graph transport problem. The sta-
bility of performance then depends on whether clinically
meaningful neighborhoods, rather than workflow-induced
neighborhoods, are preserved.

This can be linked to spectral analysis. Let Lp be
the graph Laplacian for environment D, and let its low-
frequency eigenvectors capture large-scale geometry of
the observed cohort. If a model relies heavily on direc-
tions aligned with environment-specific low-frequency
structure, then transfer to another graph can distort the
score even if many marginal distributions look similar.
One may measure this through an eigenbasis alignment
criterion,

2
; 13)
2

K
= d ¢
2(d,t) = E Hu,(f ) —ufg)
k=1

where u,(gd) and u,(f) are low-frequency eigenvectors of L

and L;. A large value suggests that the manifold on which
the source score was learned has changed. While this is a
stylized abstraction, it captures an important translational
fact: the model’s local geometry can be environment-
specific even when its variables look clinically orthodox.

Institutional policy also affects calibration more di-
rectly through prevalence modulation and selective pre-
vention [15]. If a model is trained where aggressive pro-
phylaxis reduces event rates in the very patients who look
highest risk, then the apparent mapping from predictor pat-
tern to outcome probability will differ from that in a less
interventionist site. When the model is deployed in the
second site, it may underpredict realized events among
high-risk patients. The reverse can also occur. This is
why external calibration often degrades even when vari-
able definitions and patient demographics appear broadly
comparable. The hidden difference lies in what happens
after the predictors are observed.

Such policy-coupled drift has an especially impor-
tant implication for explanatory interpretation. Investiga-
tors sometimes inspect model coefficients or feature im-
portances and conclude that the model is clinically sensi-
ble because it depends on familiar predictors. Yet a clini-
cally familiar predictor can still play a different predictive
role under another policy regime. The variable itself may
be stable, while the intervention pathways it triggers are
not. Clinical plausibility of individual features is there-
fore a weak guarantee of transport if the surrounding care
ecology differs.

This is also the setting in which one sees the limits of
purely statistical domain adaptation strategies. Reweight-
ing, alignment, or representation matching can help when
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the primary problem is shifted sampling over largely sta-
ble conditional relations. They are less decisive when the
target relation itself has been altered by different policies
or different event construction. In those cases, one is not
merely trying to map one covariate cloud onto another.
One is trying to transport a predictor across environments
in which records participate differently in care. That re-
quires empirical evidence, not only algorithmic cleverness
[16].

The broader lesson is that institutional policy is not
a peripheral context variable that can be ignored once a
model is fit. It is part of the mechanism that determines
what the model has learned. Any serious account of clini-
cal translation must therefore treat policy and workflow as
generators of risk surface drift. External validation is im-
portant not only because it uses different data, but because
it changes these generators. If the score continues to be-
have coherently, then one gains evidence that the learned
relation is not simply a policy-bound local shortcut. If
it fails, then the failure reveals that the model’s apparent
competence was inseparable from the way one institution
organized care.

5. External Validation as
Multi-Environment Falsification

The usual presentation of external validation is procedu-
ral. A trained model is applied to an independent dataset,
one or more metrics are calculated, and the result is inter-
preted as support or lack of support for generalizability.
That presentation is too thin for translational work. What
external validation actually contributes is a form of falsifi-
cation. It tests whether the model’s apparent success sur-
vives environments that perturb the structures most likely
to make local success misleading. Once framed in this
way, the quality of external validation depends not merely
on whether the dataset is independent, but on which as-
pects of the development environment it challenges.

Let £ denote a family of clinically relevant environ-
ments. For each environment e € £, define a risk func-
tional R.(f) and possibly additional functionals for cali-
bration, threshold utility, or workload. The translational
hypothesis of interest is not that the model performs well
in one holdout sample, but that its clinically relevant be-
havior remains acceptable over a meaningful subset of £.
External validation thus becomes a sequence of attempted
refutations. Each new environment asks whether a distinct
kind of contextual overfitting has been exposed.

A formal way to express this is to define an accep-
tance region .4 in the space of performance summaries and
to consider

V(f) {eES:Ge(f)GA}, (14)
where G (f) is a vector of performance quantities. A
broad translational claim implicitly asserts that V(f) con-
tains the environments relevant to intended deployment.
The scientific value of external validation lies in reduc-
ing uncertainty about that set [17]. One external cohort is
a single probe. Multiple heterogeneous cohorts provide a
more informative falsification sequence because they chal-
lenge different components of the contextual-overfitting
story.

A surgical review provides a concrete illustration
of why this matters. Sadanandan (2024) observed that
only 4 of 22 reviewed predictive studies had external
validation and that reproducibility and implementation
readiness remained limited [18]. Interpreted through the
present framework, the issue is not merely that an extra
methodological box was left unticked. The issue is that
most models were not exposed to enough distinct envi-
ronments to test whether their retrospective success rep-
resented durable structure or locally stable artifacts. The
evidentiary deficit is therefore a deficit in falsification, not
only in reporting completeness.

This interpretation also changes how one should de-
sign validation studies. Not all external environments are
equally informative. A temporal holdout within the same
hospital tests drift over time but may leave observation and
policy mechanisms largely intact. A geographic validation
in a similar tertiary center tests some institutional move-
ment but may still remain within a narrow operational
niche. A validation in a lower-resource site, a community
hospital, or a service line with different monitoring density
may be much more informative if the intended deployment
spans such contexts. The goal is not simply independence.
It is challenge. A weak challenge can produce a favorable
external result without telling us much about translation.

One can make this explicit by defining an environ-
ment challenge functional I'(e, d) measuring how much
environment e perturbs the aspects of development envi-
ronment d most relevant to transport. Such a functional
might incorporate differences in measurement frequency,
missingness structure, intervention timing, case-mix com-
position, or outcome ascertainment [19]. Then a valida-
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tion program could be summarized not only by the number
of cohorts but by the weighted challenge it imposes:

Q(f) = w;T(e;,d), (15)
j=1

where eq,...,e,, are validation environments. A model
that survives a high-challenge validation program has
passed a more meaningful test of portability than a model
validated only in weakly perturbed environments, even if
both report comparable external c-statistics.

External validation should also estimate heterogene-
ity rather than merely pool across sites. Suppose the model
is evaluated in environments e, ..., e,,, yielding perfor-
mance summaries g1, . . . , ¢, A random-effects represen-
tation

9j = tg +0j +¢j,
bj ~N(0,7]),

£; ~ N(0,0%) (16)

asks whether the source model provides a useful scaffold
for local adaptation. That is a legitimate and often valu-
able question, but it should not be mistaken for evidence
that the original model transported unchanged. A strong
validation program should therefore separate at least three
stages: raw evaluation, limited recalibration, and struc-
tural updating. Each stage corresponds to a different prac-
tical burden of deployment.

The falsification view also treats failure differently.
An unfavorable external result is not merely a negative ver-
dict on a particular model. It is information about what
kind of signal the development study failed to isolate. If a
model fails in a site with sparser measurement but sim-
ilar case mix, the problem may lie more in reliance on
observation-process cues than in physiology. If it fails
under temporal drift after a protocol change, the problem
may lie in policy sensitivity. If it fails only for probability
interpretation but retains ranking, the issue may be score
semantics rather than ranking geometry. The value of ex-
ternal validation lies partly in exposing these distinctions.

Finally, multi-environment falsification explains why

decomposes average external performance, between-environiH@aslation remains difficult even when the field is method-

instability, and within-environment estimation noise. The
translationally important quantity is often not j, alone
but the combination of 1, and 7. A model with mod-
erate average performance and low heterogeneity may be
more operationally dependable than one with stronger av-
erage performance but high heterogeneity. Falsification is
informative precisely because it reveals this dispersion.
Calibration deserves special attention in a falsifi-
cation framework because it is the most direct test of
whether the score retains the same practical semantics.
If the model output is s f(X), one may examine
environment-specific calibration maps

me(S)

P;r(Yzl | f(X) =s). a7
A model that maintains ranking but requires large and in-
consistent recalibration across environments has not been
falsified in the weak sense of usefulness for ordering, but
it may be falsified for uses requiring literal probability in-
terpretation. This is why external validation should be
purpose-sensitive. The same score can pass one transla-
tional test and fail another, depending on whether the in-
tended action relies on ranking, calibration, or thresholded
utility.

A further implication is that adaptation and falsifi-
cation should not be conflated [20]. If a model is recali-
brated or partially refit in the target environment, the re-
sult answers a different question from raw transport. It

ologically sophisticated. Many studies are optimized to

minimize source-domain loss and to report carefully optimism-

corrected source metrics. Falsification requires another
level of discipline: a deliberate search for environments
that can prove the model more local than it appears. This
is less glamorous than model invention but more central
to bedside credibility [21]. A predictor that has not been
confronted with meaningful environmental challenge may
be an interesting local approximation, but it has not yet
earned the right to travel.

6. Shadow Deployment and
Sequential Counterfactual
Approximation

Even a strong external validation program does not settle
the entire translational problem, because retrospective en-
vironments do not fully reproduce the conditions of live
use. Once clinicians see a score and begin to react to it, the
empirical process changes. High-risk cases may receive
earlier intervention, additional review, or intensified mon-
itoring. These actions can reduce event rates among those
the score identifies, alter what gets measured next, and
modify the meaning of future labels. A model that looked
well calibrated retrospectively may therefore appear mis-
calibrated once it starts succeeding operationally. Con-
versely, a model that seemed acceptable retrospectively
may prove difficult to use because the required inputs are
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unavailable in real time or because the alert burden over-
whelms workflow. This is why an intermediate stage is
needed between retrospective validation and live clinical
action. That stage may be called shadow deployment.

In shadow deployment the model runs on the live
data stream but does not yet change care. Its outputs are
logged, time-stamped, and compared against future out-
comes and operational realities without being shown to
clinicians or without being permitted to alter decisions.
The purpose is not merely caution. It is identification.
Shadow mode reveals whether the score that seemed co-
herent in research extracts remains coherent when fed pro-
duction data with real-time latency, missingness, interface
constraints, and uncurated feed behavior. It also allows
estimation of how the score would behave in the target
environment before the environment starts reacting to it.

Formally, let X} denote live-stream inputs at time
t, and let S; = f(X}°) be the shadow score. Since the
score does not yet influence action, observed future out-
comes remain generated under the predeployment policy
79, The shadow setting therefore approximates the esti-
mand [22]

Pr(y™ =1|X[M), (18)
where Y™ is the outcome under baseline care. This is
often closer to the retrospective training target than the
fully deployed environment will be. The shadow stage is
thus the last opportunity to study transport under the op-
erational data stream before policy feedback changes the
process.

Shadow deployment supports several crucial forms
of analysis. The first is operational feature fidelity. Re-
search datasets frequently include variables that are avail-
able only after cleaning, backfilling, or delayed integration.
A model may depend on such variables without the issue
being obvious during development. In shadow mode, one
can estimate the real-time availability process

bration maps and action-rate curves under the production
feed. Let mg,(s) denote the shadow calibration function
and let

Wan(7) =Pr (St > 7') (20)
denote the shadow alert fraction for threshold 7. These
quantities can differ materially from their retrospective
analogues because timestamps, coding latency, and live
documentation patterns alter score distribution. Shadow
mode therefore serves as an empirical bridge from re-
search reality to operational reality.

The third analysis concerns sequential uncertainty.
Clinical environments drift [23]. A fixed external valida-
tion cohort can only offer a static picture, whereas shadow
deployment provides a time-indexed sequence of perfor-
mance summaries. Let g; denote any monitored quantity
such as calibration slope, positive predictive value at a can-
didate threshold, or missing-input rate. One can then track
a rolling estimate

> o

u=t—h+1

Jt.h = 21

S

over a window of length h, allowing investigators to ex-
amine whether the model’s operational behavior is stable
before live adoption. This is especially important when
deployment is contemplated during periods of protocol
change, seasonal case-mix shifts, or software migration.
A subtler role of shadow deployment is sequential
counterfactual approximation. Once the score is activated,
the realized outcome process becomes policy-dependent.
Shadow mode preserves the predeployment policy long
enough to approximate what the model would have pre-
dicted and how it would have calibrated under baseline
care. This matters because it creates a reference against
which postdeployment changes can be interpreted. If out-
comes later change among alerted patients, one can com-
pare against the shadow-period baseline to ask whether

M = 1{ X contains required inputs at decision time},the change likely reflects beneficial intervention, drift, or

19)

and assess how often the model would abstain, impute, or
degrade. A high-performing retrospective model may turn
out to be a weak operational candidate if real-time feature
availability is poor.

The second analysis is shadow calibration and shadow
workload. Because the live environment may differ from
the retrospective extract even before clinicians react to
the score, one should estimate environment-specific cali-

both. Without such a reference, postdeployment recalibra-
tion can become conceptually confused.

The transition from shadow mode to active deploy-
ment can be expressed in terms of policies. Let 7° be the
baseline clinical policy and 7! the policy once clinicians
can react to the score. The postdeployment outcome cor-
responds to

Y™ = Lp(H,A™), (22)
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not to the predeployment quantity Y™, The model may
continue to estimate the latter more faithfully than the for-
mer, especially immediately after activation. This is not
necessarily a defect [24]. Some clinical uses genuinely
want a score approximating baseline risk before incremen-
tal intervention. But it does mean that the operational
meaning of calibration must be specified. Is the score sup-
posed to predict risk under usual care, risk under score-
informed care, or something closer to latent untreated vul-
nerability? Shadow deployment helps disentangle these
possibilities before live feedback blurs them.

Once the model becomes active, sequential monitor-
ing must continue. A simple framework uses monitored
summaries ¢g; and a cumulative deviation statistic

T
Zr =Y wi (9 — Grer), (23)
t=1

where gyr is established during shadow mode and w; em-
phasizes recent data. Exceeding a predefined tolerance
would trigger review, recalibration, or withdrawal. In a
translational framework, such monitoring is not an imple-
mentation luxury. It is part of the evidentiary path by
which a model remains clinically interpretable over time.

Shadow deployment also changes how one thinks
about threshold selection. Thresholds chosen from retro-
spective cohorts may not produce acceptable workload or
capture in live operation. During shadow mode, one can
estimate the threshold-specific workload, case yield, and
timing behavior under production conditions. This allows
thresholds to be chosen with knowledge of actual opera-
tional burden rather than idealized retrospective burden.
The point is not to sneak in target tuning under the guise
of validation, but to recognize that a threshold is part of the
deployed instrument. An untested threshold is an untested
policy.

The larger significance of shadow deployment is that
it acknowledges a missing evidentiary layer in much of
current prediction research. Retrospective validation and
prospective use are often treated as adjacent stages. In re-
ality, there is a substantial gap between them [25]. Produc-
tion data streams, real-time feature availability, live times-
tamp semantics, and the impending policy response all
stand in that gap. Shadow mode makes the gap visible and
measurable. A model that clears this stage has not solved
the full problem of translation, but it has crossed from ret-
rospective plausibility into a more demanding form of op-
erational reality.

7. Translational Evidence Beyond
Benchmark Monoculture

A final reason generalizability remains a translational ob-
stacle is that the prevailing culture of evidence does not
reward portability as consistently as it rewards local opti-
mization. Many benchmark practices, publication norms,
and model-comparison habits are structured around source-
domain performance. Random train-test splits within one
dataset are common because they are convenient, repro-
ducible, and statistically legible. Leaderboards emphasize
discrimination because it is easy to compare. Even when
external cohorts are available, results are often summa-
rized into one global number that hides where transport
is weak. The field therefore produces strong incentives to
create locally high-performing models and comparatively
weaker incentives to map the limits of portability in a dis-
ciplined way.

This can be called benchmark monoculture: the ten-
dency to treat one style of evaluation as if it captured
the relevant dimensions of scientific progress. In clinical
prediction, the monoculture typically privileges source-
domain ranking performance over environment hetero-
geneity, calibration stability, and operational feasibility.
The result is not trivial. A benchmark regime shapes
what developers optimize, which features they retain, and
which tradeoffs they accept. If the benchmark values one-
hospital internal performance, then models that exploit
one-hospital structure will flourish. If the benchmark
values cross-environment stability, different models will
emerge.

A more translationally relevant benchmark structure
would summarize performance across environments and
uses [26]. Let £y denote a set of external environments,
and let each candidate model f be associated with a score-
card

S(H) = (D). Vo (), C(F), Ve (), U ), Ve (D),
24

where D and Vp summarize discrimination and its het-
erogeneity, C' and Vi summarize calibration or calibra-
tion loss and its heterogeneity, and U and Vi summarize
clinically specified utility and its heterogeneity. Such a
scorecard does not force all models into one scalar ranking.
It instead acknowledges that translational value depends
on both average behavior and stability across settings. A
model that is modestly less sharp but much more stable
could then be recognized as superior for deployment pur-
poses.
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This evidence structure would also change sample-
size priorities. Under benchmark monoculture, an impres-
sive development dataset from one source is often treated
as sufficient foundation for model prominence. Under a
transport-sensitive regime, investment would shift toward
more diverse validation environments and better character-
ization of site-level differences. A smaller but genuinely
heterogeneous consortium can be more informative about
portability than a massive archive built under one opera-
tional style. The key resource is not only the number of
rows. It is the number of ways in which clinically relevant
environment change has been sampled.

Another aspect of monoculture is the treatment of
negative findings. A model that fails in a certain setting
may be quietly discarded or its failure underreported, be-
cause the culture prizes successful predictions more than
boundary mapping. Yet for translation, knowing where a
score fails is extremely valuable. Failure in low-resource
settings, for instance, may reveal dependence on dense
measurement. Failure after a protocol change may reveal
policy sensitivity. Failure only in specific subgroups may
reveal instability in label construction or feature support.
A mature evidentiary culture would treat these results as
contributions to cartography rather than embarrassments
[27]. The field needs maps of where models travel, not
only stories about where they shine.

The broader issue is cumulative knowledge. If stud-
ies use incompatible outcome definitions, vague report-
ing of preprocessing, and limited description of the care
environment, then even an abundance of published mod-
els does not cumulate into reliable translational evidence.
Different papers may appear to address the same clinical
task while actually modeling different operational targets.
Comparisons based on headline metrics then become mis-
leading. The solution is not only more models or larger
models. It is more structured evidence about environment,
label construction, measurement practice, and intended
action. Without such structure, external validation itself
can be hard to interpret because one cannot tell whether
a failure reflects model brittleness, target drift, or data-
reconstruction mismatch.

A transport-sensitive evidence regime would also
recognize that no single model is likely to dominate across
all environments and uses. The goal is not to identify a uni-
versal winner, but to identify models whose performance
is stable for specific scopes of use. This has practical con-
sequences. A hospital might rationally choose a model
with slightly lower average discrimination if its calibra-
tion is easier to maintain and its workload curve smoother
under local constraints. That choice is invisible under

benchmark monoculture because the benchmark does not
represent those dimensions adequately.

There is, finally, a governance implication. If pub-
lication and benchmarking systems continue to privilege
locally optimized retrospective performance, then down-
stream institutions must shoulder the burden of discover-
ing portability limits themselves. Each adopting site be-
comes responsible for additional validation, recalibration,
and operational testing. This decentralized burden slows
translation and creates uneven standards [28]. A literature
that invested more heavily in multi-environment evidence
would lower that downstream burden by clarifying earlier
which models are likely to travel and under what condi-
tions.

The argument here is not that conventional bench-
marks are useless. They are useful for certain stages of
method development. The problem is allowing them to
stand in for translational evidence. Once a model is dis-
cussed as a candidate for broad clinical use, the benchmark
should change. It should ask whether the score survives
challenge, whether its semantics remain stable, whether its
thresholds behave coherently, and whether its operational
burden is governable. Until those questions become ordi-
nary rather than exceptional, generalizability will continue
to appear as a stubborn translational obstacle because the
field will keep rewarding the production of local success
more efficiently than the production of portable meaning.

8. Conclusion

Clinical prediction becomes translationally difficult not
because statistical learning has failed to find signal, but
because the signal discovered in one care environment
is often inseparable from the way that environment ob-
serves patients, responds to risk, and records outcomes.
A model can therefore be internally robust and externally
ambiguous at the same time. The central issue is not only
whether performance decreases elsewhere. It is whether
the quantity estimated by the model remains the quantity
that bedside use requires. Once this distinction is made
explicit, generalizability becomes less an optional embel-
lishment and more the main unresolved scientific problem
for transport beyond the source site.

The framework developed in this paper has approached
that problem through identifiability, falsification, and live-
environment evidence. Prediction in hospitals was treated
as estimation under adaptive care processes rather than un-
der passive data collection. Internal validation was shown
to be strong for sample optimism and weak for contex-
tual overfitting. Institutional policy and workflow were

14



N/ INGST

treated as generators of risk surface drift, not background
nuisances [29]. External validation was recast as multi-
environment falsification that probes whether apparent
success survives meaningful challenge. Shadow deploy-
ment was introduced as an intermediate evidentiary stage
that reveals whether the model remains coherent under
live data streams before clinician response changes the tar-
get process again. Finally, the paper argued that prevailing
benchmark cultures underreward precisely the evidence
that translation needs most.

This perspective has practical consequences. A ret-
rospective model should not be treated as broadly promis-
ing merely because it has elegant architecture or excellent
internal metrics. Its scope of use should be proportional to
the environments in which it has survived challenge. Cal-
ibration should be evaluated as carefully as ranking when
the score will be interpreted literally. Thresholds should
be stress-tested under target workload constraints rather
than copied from source studies. Live deployment should
be preceded by shadow evaluation and followed by sequen-
tial monitoring because the act of using the model changes
the system from which future evidence is drawn. These re-
quirements are demanding, but they are not excessively so.
They simply align the evidentiary standard with the com-
plexity of the object being transported.

A useful clinical model does not need to be universal.
It may be local, conditional, or valid only after controlled
adaptation. What matters is clarity about what has been
shown. When a score is carried beyond the setting that gen-
erated it, the decisive question is no longer how well it fit
the past. The decisive question is whether it has survived
enough environmental challenge to justify belief that its
output still means approximately the same thing. Exter-
nal validation matters because it is the empirical method
by which that belief becomes more than hopeful inference
[30].
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