
1 Monitoring is asserted more often than it is specified

A clinical prediction model is validated on data from a period that has ended and then used on patients

who have not yet arrived. Between the two, the population changes, practice patterns change, the codes

that describe both change, and so does the software that carries data from the record to the model.

Finlayson and colleagues supply the working definition: dataset shift occurs when a machine-learning

system underperforms because of a mismatch between the data it was developed on and the data on

which it is deployed.1

Deployment documents usually answer this with one word: the model is “monitored”. Without a signal,

a threshold, an owner and a response, the word describes an intention rather than a control. This paper

asks how fast deployed clinical models degrade, how visibly, and what monitoring would have to consist

of for a practice with no data-science team.

The short answer has four parts. Degradation is common and arrives at two speeds: slow calibration drift

measured in years, and step changes that arrive abruptly when a code set, a record system, a pandemic or

a supplier’s model version changes. It is often quiet, because discrimination can hold steady while

calibration fails. The federal certification rule requires a developer to describe how a model is monitored

and sets no standard for what monitoring must find. And the monitoring available to a small practice is

narrower than the word suggests, but not empty.
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After go-live: dataset shift, silent failure and the
monitoring of clinical AI

ABSTRACT

A clinical model validated once is deployed into a population, a coding system and a data

pipeline that keep changing. This review appraises the evidence on how fast and how visibly

deployed models degrade. Drift arrives slowly, as calibration decays over years, and in step

changes tied to identifiable events: a coding transition, a record-system change, a pandemic, a

supplier’s model update. Discrimination can hold while calibration fails, retrospective validation

cannot see pipeline changes, and aggregate accuracy can conceal changed answers. The federal

certification rule requires monitoring to be described, not to meet any standard. The paper sets

out what a practice without a data team can actually watch, and what each signal misses.
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2 Three kinds of shift, and one that belongs to the pipeline

The terminology is inconsistent. Moreno-Torres and colleagues’ unifying review distinguishes covariate

shift, prior probability shift and concept shift.2 In plain terms: under covariate shift the patients change

while the relationship between their characteristics and the outcome holds; under prior probability shift,

often called label shift, the outcome becomes more or less common; under concept shift the relationship

itself changes, so the same patient would now carry a different correct answer. Feng and colleagues map

monitoring onto the same three objects: the distribution of inputs, the distribution of outcomes, and the

relationship between them.3

Finlayson and colleagues classify causes instead: changes in technology, in population and setting, and in

behavior.1 Many of their examples involve no change in the patients: high-sensitivity troponin assays,

EHR updates that can alter internal variable definitions, the move from ICD-9 to ICD-10, and

reimbursement that produced a measurable rise in documented sepsis. A fourth category is operationally

distinct. Otles and colleagues call it infrastructure shift: changes in how data are accessed, extracted and

transformed between the warehouse a model was validated on and the real-time feed it runs on.4

Nothing about the patient has moved; the pipe has.

TABLE  1

Types of shift, in plain terms, with a clinical example of each. The concept-shift row is illustrative; the others

are documented in the cited studies.

Type What changes Example

Covariate shift Who the patients are; the

input–outcome relationship

holds

Cancelled elective surgery in spring 2020 left a sicker inpatient mix, and

sepsis alerts rose5

Prior probability

(label) shift

How common the outcome

is

Changes in the rate of acute kidney injury tracked rising overprediction in

Veterans Affairs models6

Concept shift What counts as the right

answer for the same inputs

A model trained on past prescribing learned its training years’ norms; the

2022 CDC opioid guideline updated the 2016 version and discourages rigid

application of dosage thresholds7

Measurement or

infrastructure shift

How the same patient is

recorded or delivered to the

model

The ICD-10 transition; a 2008 record-keeping change; warehouse versus

real-time extraction4,8,9
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3 Drift arrives slowly, and then all at once

0.29
AUROC lost by a mortality

model after a 2008 record-

keeping change

1 in 6
diagnostic categories that

shifted 20% or more at the

ICD-10 transition, in two of
three classification systems

+43%
sepsis alerts per day on a

census that fell 35%

The slow version

Davis and colleagues developed seven models for hospital-acquired acute kidney injury on 2003

admissions to Veterans Affairs hospitals nationwide and validated each over the nine subsequent years.6

Discrimination was maintained for every model. Calibration declined as all of them increasingly

overpredicted risk, most for the regression models, and changes in the rate of acute kidney injury were

strongly linked to the overprediction. The authors draw a scheduling rule: update in response to periods

of rapid drift rather than only at annual or biannual intervals.

The literature on keeping models working is thin. Guo and colleagues found 15 eligible studies among

4,457 publications on preserving performance under temporal dataset shift in clinical medicine.10

Calibration deteriorated more often than discrimination (11 studies against 3). Every mitigation strategy

preserved calibration; effects on discrimination were inconsistent.

A figure to handle with care

A monitoring vendor’s blog headline states that 91% of machine-learning models degrade in time, and

the post presents the source as a study of how models behave after deployment.11 The source is Vela and

colleagues, who trained four standard model types on 32 datasets from four industries — healthcare

operations, transportation, finance and weather — and observed temporal degradation in 91% of the 128

model–dataset pairs.12 These were models trained experimentally on historical data, not deployed clinical

systems. The study shows that degradation is the usual result in experiments of this kind. It does not

estimate what share of deployed models degrade, which is how the headline reads.

The fast version

Step changes can be larger. Nestor and colleagues trained models on MIMIC-III intensive care records

and tested them on later years.9 A system-wide change in record-keeping in 2008 cost a mortality model

0.29 in AUROC. Aggregating raw features into expert-defined clinical concepts cut the loss to 0.06: the

model had learned the database’s vocabulary as well as the patients’ physiology.
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Coding transitions do the same at national scale. Ellis and colleagues ran an interrupted time series on

private insurance claims from 2010 to 2017, 2.1 billion enrollee person-months, across the October 2015

move from ICD-9-CM to ICD-10-CM.8 Level changes of 20% or more occurred in 20 of 127 HHS

hierarchical condition categories (15.7%) and 46 of 282 AHRQ Clinical Classifications Software categories

(16.3%), roughly 1 in 6, while the WHO disease chapters changed minimally. The monthly rate of people

in the acute myocardial infarction category rose 131.5% (95% CI 124.1% to 138.8%), mainly because HHS

added non-ST-elevation infarction diagnoses to it. The definition moved, and any model using that

category as an input moved with it.

A pandemic did it in three weeks. Wong and colleagues compared alerts from the Epic Sepsis Model, a

widely used proprietary model, across 24 hospitals in four health systems in the three weeks before and

after each system’s first COVID-19 case.5 Census fell 35%, from 10,159 to 6,634, while alerts per day rose

43%, from 953 to 1,363, counting at most one alert per patient per day; the share of patients alerting rose

from 9% to 21%. The authors attribute the rise to cancelled elective surgery and higher acuity among

those who remained. At the University of Michigan the model was deactivated in April 2020 because of

spurious alerting.1

Models learn the process of care

Models also learn how care is delivered. Agniel and colleagues examined 272 laboratory test types across

669,452 patients at two Boston hospitals.13 The presence of an order, regardless of its result, was

significantly associated with survival for 233 of 272 tests (86%), and the timing of the order predicted

survival more accurately than the result for 118 of 174 tests (68%). The supplement to the Finlayson letter

compresses these into one claim, that timing mattered more than the value “in up to 86% of lab tests”.1

The 86% is the presence-of-order association; the timing-against-value comparison is 68%. Either way, a

change in ordering habits is a change in a model’s inputs even when no patient is different.

4 Why the failure is quiet

Five mechanisms keep degradation out of view, each defeating a different check.

Discrimination can hold while calibration fails

In the acute kidney injury models, discrimination held throughout the years in which calibration

drifted.6 A validation report giving only an AUROC would have shown nothing wrong. Van Calster and

colleagues argue that poorly calibrated algorithms can be misleading and potentially harmful for clinical

decisions, and can be less useful than a well-calibrated competitor with a lower AUC.14 A risk score used

at a threshold fails through calibration: the ranking survives, the number attached to each patient does

not.
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Retrospective validation cannot see the pipeline

Otles and colleagues applied a healthcare-associated infection model prospectively to 26,864 encounters

from July 2020 to June 2021.4 AUROC was 0.767 (95% CI 0.737 to 0.801) against 0.778 (0.744 to 0.815) in

the preceding year’s retrospective validation, and the Brier score worsened from 0.163 to 0.189. The

authors attribute the loss of discrimination mainly to infrastructure shift and the loss of calibration

mainly to temporal shift, with confidence intervals on every component that include zero. The first

attribution is the uncomfortable one: validation on warehouse data was partly validation on data the

model would never see in production.

Performance monitoring is not drift detection

Kore and colleagues tested three drift-detection methods on real-world X-ray images, against natural drift

from COVID-19 and synthetic drift.15 Monitoring performance alone was not a good proxy for detecting

data drift, and detection depended heavily on sample size and patient features. The authors’ case for

watching inputs rests on settings where real-time evaluation is impractical, as when labels are costly.

Outcomes arrive late, and the model changes them

Feng and colleagues note that outcomes such as mortality need long follow-up, and that once clinicians

act on a prediction it is hard to tell whether the model was wrong or the intervention prevented the

outcome.3 Lenert, Matheny and Walsh state the consequence: the more effective a model and its

intervention, the faster the model will appear to degrade, and refitting may not be the most effective

response.16 A deployment that is working and one that is failing can draw the same declining curve.

Subgroups drift on their own schedule

Davis and colleagues tracked Veterans Affairs post-surgical models quarterly from 2014 to 2023, across

1,739,666 surgical cases, by self-reported race and sex.17 Fairness drift appeared in both original and

updated models, and population-level updating sometimes narrowed a gap and sometimes widened it.

WHAT  THE  DEGRADATION  L ITERATURE  DOES  NOT  ESTABL ISH

Nearly every clinical model studied here was a hospital or intensive care model, and

most studies are retrospective. None measured drift in an ambulatory specialty

practice or in a practice of a few clinicians, where the numbers available to any

method are small. The mechanisms transfer; the rates do not. No figure here should be

read as the expected degradation of any particular product.
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5 Language models change on someone else’s calendar

A language model supplied as a service changes when its supplier does, as well as when its environment

does. Chen, Zaharia and Zou evaluated the March 2023 and June 2023 versions of two widely used

models on seven tasks, noting that when and how such models are updated is opaque.18 GPT-4 identified

prime numbers with 84% accuracy in March and 51% in June. Their summary is that the behavior of the

“same” service can change substantially in a relatively short time.

The medical-licensing results show the quieter form of the problem. In the preprint’s full text, GPT-4’s

accuracy on licensing-examination questions fell from 86.6% to 82.4% and GPT-3.5 lost 0.8%, yet 12.2% of

GPT-4’s answers and 27.9% of GPT-3.5’s differed between versions.18 An aggregate check would have

registered almost nothing for GPT-3.5 while more than a quarter of its answers had changed. For a

system whose outputs a clinician reads one at a time, the changed answers are the exposure.

Versions also end. One major supplier’s documentation defines deprecation as the process of retiring a

model, effective on announcement, and shutdown as the point at which it is no longer accessible.19 Its

schedule shows a dated snapshot, gpt-3.5-turbo-0613 , shut down on September 13, 2024 with the

undated name gpt-3.5-turbo  as its replacement, and an announcement on August 26, 2026 that the

whisper-1  transcription model will shut down on February 26, 2027. A drafting or transcription

component can change with no decision by the practice: opaquely behind an undated name, or visibly at

retirement.

The property that follows is modest: every generated output should carry the identifier of the exact

model version that produced it, and a version change should be handled as a deployment event, with

fixed local test cases run before and after. Without the identifier, a change in quality cannot even be

dated. No study reviewed here validates edit rates or clinician acceptance as drift signals for generated

text; they are plausible proxies, not tested ones.

6 What the rules and the guidance ask for

The certification and device regimes are set out in a companion paper; what matters here is what each

says about monitoring.

Certification: describe it

The decision support interventions criterion of the ONC Health IT Certification Program requires a

certified module to surface source attributes for predictive decision support. Under “Ongoing

maintenance of intervention implementation and use”, they include a “Description of process and

frequency by which the intervention’s validity is monitored over time”, the “Validity of intervention in

local data”, and the equivalent pair for fairness; a further heading requires a description of how often the
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intervention is updated and its performance corrected when validity or fairness risks are identified.20

These are disclosure duties. The criterion does not say what the process must detect, how often it must

run, or what result would require action, and it binds the developer rather than the practice.

The eCFR records no amendment to the section since October 1, 2025, and its text still contains these

attributes.20 HTI-5, proposed on December 29, 2025, would reduce the criterion’s scope to “fully remove

the artificial intelligence (AI) ‘model card’ requirements”; comments closed February 27, 2026, and a

search of the Federal Register in late September 2026 found no final rule.21 The monitoring disclosures

are among the requirements at stake.

Device regulation: plan it

Where a software function is a device, FDA’s Predetermined Change Control Plan guidance, issued

December 4, 2024 and reissued August 18, 2025, lets planned modifications to an AI-enabled device

software function be authorized in advance.22 A plan sets out the modifications, a protocol for data

management, re-training, performance evaluation and updates, and an impact assessment; significant

modifications outside it likely require a new submission. It governs changes a manufacturer decides to

make. Drift the environment imposes is not a planned modification, and a function that is not a device

needs no plan.

FDA’s plainest statement on environmental drift is not guidance. Its September 30, 2025 request for public

comment states that AI system performance “can be influenced by changes in clinical practice, patient

demographics, data inputs, health care infrastructure, among other factors”, and that retrospective

testing and static benchmarks “are not designed to predict behavior in dynamic, real-world

environments.”23 It says it is not draft or final guidance; comments closed December 1, 2025.

Voluntary guidance: scale it to risk

The most specific monitoring text in circulation is voluntary. The Joint Commission and the Coalition for

Health AI released The Responsible Use of AI in Healthcare on September 17, 2025, with seven elements, one

of them ongoing quality monitoring.24 It asks for monitoring that is risk-based and scaled to the setting,

checking tools that inform or drive clinical decisions more often than administrative or documentation

tools. It lists regular validation, comparison of outputs against known parameters, checks that tools rely

on up-to-date data, a dashboard and a route for reporting errors, and asks that monitoring responsibility

be addressed in contracting, with vendors’ model changes reported to whoever monitors. It calls itself

initial and high-level. A voluntary Joint Commission certification under the same name launched in

2026.25

What hospitals report

Practice trails even the voluntary text. Nong and colleagues analyzed the 2023 American Hospital

Association information technology supplement: 65% of US hospitals used predictive models, 79% of

those from their EHR developer.26 Sixty-one percent of hospitals using models had evaluated them for
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accuracy on their own data, and 44% for bias; hospitals that built their own models, had high operating

margins or belonged to health systems were more likely to do so. These figures describe local evaluation

for accuracy and bias, not recurring monitoring; this review found no comparable figure for physician

practices.

7 What a practice without a data team can watch

The monitoring literature imagines hospital infrastructure; Feng and colleagues propose dedicated AI

quality-improvement units.3 A practice of a few clinicians has a schedule, a record and its vendor’s

reports. Within those limits six signals are available, each detecting some kinds of shift and missing

others (Table 2).

1. Output volume per unit of activity. Alerts, flags or drafts per 100 visits, per clinician, per week. The

2020 sepsis-alert study began from nurses’ reports of overalerting and tested them by counting

alerts.5 The signal needs no outcome data and moves within days.

2. Input completeness and a calendar of known changes. The rate at which each input is missing, and

the dates on which inputs change by definition: code-set releases, system upgrades, new assays or

templates. The next ICD-10-CM code set takes effect October 1, 2026.27 The ICD-10 and MIMIC

results show what such dates can do.8,9 Formal drift tests depend heavily on sample size, which a

small practice lacks;15 a missingness rate and a calendar do not.

3. Acceptance, override and edit rates. Finlayson and colleagues ask clinicians to note misalignment

between a model’s predictions and their own judgment;1 a rate turns that into a series. Override rates

may also reflect interface design and attention, so a change is a prompt to look rather than a finding.

4. Observed against expected, on the practice’s own outcomes. Where a model predicts something the

practice records, mean predicted risk can be compared with the observed rate: calibration-in-the-

large. A full calibration curve needs far more; Van Calster and colleagues cite a suggested minimum

of 200 patients with the event and 200 without.14 Control charts such as CUSUM and EWMA, and

dynamic calibration curves, turn repeated comparisons into alerts.3,28

5. Model and version identity. The exact version behind every output, and the supplier’s retirement

schedule.19 It detects nothing by itself and makes every other signal interpretable.

6. A fixed local test set. A small set of de-identified or synthetic cases typical of the practice, with

agreed answers, run at every version change and on a schedule. Youssef and colleagues argue that

one-time external validation should give way to recurring local validation.29
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TABLE  2

Signals available without a data team: what each can detect, what it misses, and whether it needs outcome

data.

Signal Detects Misses
Needs
outcomes?

Output volume5 Case-mix change; broken or altered

feeds

Concept shift at a stable output rate No

Input missingness and change

calendar8,27

Measurement and infrastructure shift Change in patients whose records

are complete

No

Acceptance, override, edit

rates1
Growing disagreement between

model and clinicians

Errors the clinicians also miss No

Observed against expected14 Label shift; overall miscalibration Miscalibration within risk bands, at

small numbers

Yes

Version identity19 Supplier-side model changes, by date Everything else No

Fixed local test set18,29 Changed behavior after a version

change

Shift in the live population Agreed answers

only

WHAT  THESE  SIGNALS  CANNOT  DO

They detect change, not harm. A rise in alert volume may be the correct response to a

sicker population, and a falling observed event rate may be the model working.16

Small numbers make every rate noisy, so tight thresholds will fire on chance. None of

the six has been evaluated as a monitoring strategy for a small practice; they are what

the evidence makes plausible, not what it has tested.

8 What “monitored” would have to mean

Stated as a property rather than a promise, monitoring for one model is a short specification: the signals,

the baseline for each, the threshold that triggers review, the reviewer, and the actions available, at

minimum to pause, recalibrate or retire. The Davis group supplies the schedule: update as calibration

deteriorates rather than on a predetermined timetable.6,28 That means review on events as well as the

calendar: a code-set release, a system upgrade, a supplier’s model change, a guideline revision, an abrupt

change in who comes through the door.

Five statements are supported. Degradation is the usual finding in studies that look for it, at rates that do

not transfer.6,10,12 The largest effects documented here came from step changes tied to identifiable events:

a record-system change, a coding transition, a pandemic.5,8,9 Discrimination can hold while calibration
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fails, so a stable AUROC is not evidence of a working model.6,14 Language-model services change on the

supplier’s schedule, and aggregate accuracy can conceal changed answers.18 And the certification rule

requires a developer to describe monitoring, not to meet any standard in it.20

What would settle the open questions is not another retrospective study of an inpatient model. It is

prospective monitoring results from ambulatory deployments, suppliers disclosing version changes with

before-and-after performance, and a threshold, anywhere in the rules, for what monitoring has to find.

Until then “monitored” is a claim to be specified, in four parts: what is watched, against what baseline,

how often, and who acts.
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