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Abstract

Inspection classifications published by the US Food and Drug Administration are an attractive label for
machine learning: public, dated, keyed to facilities, and running to hundreds of thousands of records. We
asked whether the label's availability depends on its value, and what that costs anyone who models or
monitors with it. Among 10,201 drug inspections that ended between 2018 and 2023 with at least three
years to close, 74.1% of passing inspections carry a recorded final classification decision against 26.2%
of failing ones, a relative risk of 2.83 (95% Cl 2.54-3.21); among those that close, failures take 3.86
times longer (median 332 against 86 days; 95% Cl 2.94-4.93). Rebuilding an inspection-outcome model
so that a prior outcome counts only once its decision is recorded costs 0.047 to 0.081 in area under the
receiver operating characteristic curve, with non-overlapping intervals. For monitoring a deployed model,
the naive lagged observed-to-expected ratio is 5.7% of its full-information value and inverse-probability-
of-censoring weighting 6.3%; weighting's identifying assumption fails by 0.499, and landmarking at two
years recovers 27.6%. Constructing features on the availability clock repairs the first consequence;
nothing we tested repairs the second. A single published posting-date field would resolve both.

Introduction

FDA publishes the outcome of every inspection it conducts. The Data Dashboard exposes them through
an API keyed on facility, dated to the day, and classified on a three-level scale: NAI where no
objectionable conditions were found, VAI where they were but no action follows, and OAl where
regulatory or administrative action is recommended [1]. For anyone building models of regulatory risk
this is a rare thing, a large labeled corpus about corporate behavior that needs no access agreement. A
small literature already builds on FDA outcome data of this kind, including quantitative analyses of
recalls [2, 3], of good clinical practice inspection classifications [4], and of warning letters [5, 6].

The label has a property that is not documented and, as far as we can find, not previously measured:
whether it is available depends on what it is. An inspection's classification enters the record when FDA
logs the FMD-145 final classification decision. Passing inspections are logged promptly and usually.
Failing inspections are logged slowly and often not at all. A model or a monitor that consumes this feed
therefore sees a version of the world in which failures are rare, and sees it consistently enough that
nothing in the data announces the problem.

This is not a new statistical phenomenon. It is informative censoring in survival analysis [7, 8] and
verification bias in diagnostic-accuracy evaluation [9], and in its outcome-dependent form it is the case
Zhou [10] separates from the tractable one. Tsiatis [11] proved fifty years ago that a dependent-
censoring model cannot be distinguished from an independent one by observed data alone. What is new
here is the measurement, in a widely used public regulatory dataset, and the demonstration that two
things people routinely do with that dataset are damaged by it in ways that are large, quantifiable, and in
one case not repairable.
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The contributions are three. The measurement (Outcome-dependent availability): outcome-dependent
availability in FDA drug-inspection classifications, on a cohort chosen so that right-censoring and
historical under-recording do not confound it. Leakage in supervised models (Availability leakage in
supervised models): features built from prior classifications are unavailable at prediction time, and
enforcing availability costs accuracy and removes the facility's compliance history as a usable signal.
Monitoring is not repairable by the standard corrections (Monitoring is not repairable by the standard
corrections): the identifying assumption for inverse-probability-of-censoring weighting fails by a
measured margin, and landmarking stops well short of the truth because the missing failures are a mass
that never arrives rather than a delay.

Related work

The phenomenon has names in three literatures and no name in the one that most often uses this data.
In survival analysis it is informative or dependent censoring [7, 8]; when it is outcome-dependent it is
non-ignorable, the regime in which Scharfstein and colleagues [12] recommend a sensitivity parameter
treated as known rather than an estimator. In diagnostic-accuracy evaluation it is verification bias [9],
with the outcome-dependent case treated separately [10, 13]. Tsiatis [11] is the reason none of these is a
repair: the dependent and independent models are not distinguishable from observed data.

In stream learning the delay itself is well studied as verification latency [14, 15, 16], and delayed-label
evaluation has a reference treatment in Grzenda and colleagues [17]. That literature generally treats the
delay as a property of the instance rather than of its label: Grzenda and colleagues [17] model a per-
instance latency without dependence on the true class, and Dal Pozzolo and colleagues [18] assume a
constant verification latency. Souza and colleagues [19] make the adjacent point that benchmark
conclusions are protocol dependent. The closest structural precedent is Chapelle [20], where a
conversion is confirmed after a random delay and a non-conversion is never confirmed at all; that
asymmetry is the same shape as the one measured here.

On monitoring deployed models, Davis and colleagues [21] established calibration drift as the failure
mode to watch and Kore and colleagues [22] showed on real imaging data that performance monitoring
is a poor proxy for drift. Both assume the labels arrive. On FDA outcome data specifically, the analyses
cited above model recalls [2, 3], describe good clinical practice inspection classifications [4], and
content-analyze warning letters [5, 6]. We are not aware of prior work measuring the availability process
of these labels.

Results

Outcome-dependent availability

Table 1 gives the measurement. Both mechanisms are large and both point the same way. A passing
inspection is 2.83 times more likely to have its outcome recorded at all, and when a failing inspection is
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recorded it takes almost four times as long.

Table 1

Outcome-dependent availability, primary cohort: inspections ending 1 January 2018
to 8 September 2023 with at least three years of follow-up. Confidence intervals by
bootstrap, 2,000 resamples.

n not OAl  OAI ratio (95% CI)
9,384 817

ever recorded 74.1% 26.2% 2.83(2.54-3.21)

median days to record, among recorded 86 332 3.86 (2.94-4.93)

The consequence for anything reading this feed is direct. At a 90-day horizon the Kaplan-Meier
availability is 22.4% for passing inspections and 1.5% for failing ones (Fig. 1, left). A monitor consulting
three-month-old labels is looking at a sample in which failures are under-represented by roughly an order
of magnitude.

The effect is not uniform across FDA's programs. Within Drug Quality Assurance, 82.4% of passing
inspections are recorded against 24.2% of failing ones; within Bioresearch Monitoring the same figures
are 63.3% and 45.3%. The gap is widest in exactly the program most likely to be modeled.

We do not know FDA's reason and do not speculate. A plausible mechanism, consistent with the
direction and with the OAI definition, is that an adverse classification initiates follow-up whose
conclusion is what the FMD-145 record captures, so the record waits for the enforcement process rather
than for the inspection. Nothing in the published data distinguishes that from alternatives, and the
analysis below does not depend on which is true.

Availability leakage in supervised models

A classification code does not exist until the decision is recorded, which for an OAl is a median of 332
days after the inspection ends and, more often than not, never. At scoring time T a prior OAl from T
minus 200 days is not an OAl in anything a deployed system could query.

The clock removes most of the history. Only 31.6% of prior inspections in the window have a usable
outcome, and 75.3% of rows have no usable prior outcome at all, against 100% assumed by the
unclocked construction. On the 2013-2016 training window, deployment AUROC falls from 0.7696 to
0.6882, a gap of 0.0814 with non-overlapping intervals (Fig. 2).

That estimate mixes two causes, because before 2018 the export is materially incomplete: 72.5% of pre-
2018 records carry no recorded decision against 27.9% from 2018 onward, and the training window for
those figures is 2013-2016. Retraining on 2018-2019, where recording is mature, the gap is 0.0466
(0.7880 unclocked against 0.7414 clocked), again with non-overlapping intervals. We take 0.047 as the
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conservative figure, applying to a model trained where recording is mature, and 0.081 as the figure
applying to a model trained on an era whose export is materially incomplete - which is the case for
anyone training on the series as published back to 2008.

Both figures come from a strict clock: a prior outcome counts only where the export carries a recorded
decision dated before the prediction date. The permissive alternative is to impute a closure date for
records that carry none, drawing from the outcome-conditional latency distribution, and under it the
deployment gap falls to 0.0116. That contrast is the largest sensitivity in this section, and we report the
strict arm as primary for two reasons. Roughly three quarters of failing inspections never record a
decision at any horizon (Outcome-dependent availability), so imputing one converts a permanent absence
into a finite delay and assumes away the mechanism the rest of the paper measures. And a deployed
system faces the strict clock whatever the truth of the matter, because it can query only what the export
actually carries.

What changes is not only the number. Under the clock the largest coefficients are the project area FDA
assigned to the inspection (-1.07 and - 0.53), whether the facility has no recorded prior history at all
(0.54), and the facility's country (0.35). No outcome-derived feature appears in the top five. The apparent
predictive value of a facility's compliance record, in this data source, rests substantially on knowing
outcomes that were not knowable.

This consequence is fixable, and cheaply. Build history features on the availability clock: admit a prior
record's outcome only if the source carries a decision date earlier than the prediction date. The
construction is in the supplied analysis code. The cost is a smaller and more honest model.

Monitoring is not repairable by the standard corrections

Across 88 monthly evaluation windows the naive lagged ratio averages 0.057 of its full-information
value, computed on the same window with all labels. The monitored quantity is not a noisy version of the
model's calibration; it is a different quantity roughly a factor of seventeen below it.

Inverse probability of censoring weighting is the standard correction for dependent censoring [23]. It
identifies the target only under conditionally independent censoring; Willems and colleagues [24] state
the requirement as the hazard of censoring at time t being independent of the event time given the
covariate history, that is, that there should be no unmeasured confounders. Fitting a model for whether a
label arrives within 365 days, on the covariates a monitor can see, gives AUC 0.708; adding the true
outcome raises it to 0.769. After adjusting for every covariate, the mean residual arrival probability is
plus 0.039 for passing inspections and minus 0.461 for failing ones, a residual gap of 0.499. The
assumption does not approximately hold; it fails by half the range of a probability. Applied anyway,
weighting does not help: 0.063 of the full-information value against 0.057 naive (Table 2, Fig. 3).
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Table 2

Estimators of the observed-to-expected ratio, each compared against the full-
information value on the same window. Mean over 88 monthly windows for the naive
and weighted estimators and 89 for the landmark estimators, January 2019 to May
2026. A value of 1.0 would be unbiased.

estimator mean ratio to full information = SD

naive (labels arrived so far) 0.057 0.050
inverse probability of censoring weighting  0.063 0.061
landmarking, H =180 d 0.161 0.088
landmarking, H =365 d 0.231 0.110
landmarking, H=730 d 0.276 0.118

Landmarking helps and then stops. It moves the estimate from 0.057 to 0.276 at H = 730 days, and
cannot go much further. A longer wait recovers a delayed label but not an absent one, and roughly three
quarters of failing inspections have no recorded decision at any horizon. That mass does not shrink with
H.

Discussion

A numeric acceptance criterion on a label-dependent metric cannot be met in this system. The European
Medicines Agency's reflection paper on artificial intelligence in the medicinal product lifecycle asks that
thresholds for acceptable model performance be clearly defined [25]. A threshold on the observed-to-
expected ratio computed from arriving labels is a threshold on a quantity whose level is set by the label
pipeline, not by the model, and no estimator we tested recovers the level: the naive estimate sits at 5.7%
of the truth and two years of landmarking reaches 27.6%. Monitoring for change may still be possible,
because a stable bias shifts the level without erasing movement; monitoring for conformance is not,
because the level is what a conformance criterion is about.

The practical guidance that follows is narrow and, we think, actionable. First, build history features on the
availability clock and report the discrimination that survives, rather than the discrimination obtained from
outcomes the model could not have had. Second, do not express an acceptance criterion for a deployed
model as an absolute threshold on a statistic computed from labels that arrive this way; express it, if at
all, as a change criterion, and state the blind window explicitly. Third, when a monitoring plan depends on
a label feed, document the feed's availability process with the same care as the model, because it is the
part of the system that determines what the monitor can see.

FMD-145 is a proxy for availability, not availability. It is the recorded final classification decision, not the
date the record appeared in the Dashboard, which is what a system consuming that APl would face. The
true availability latency is at least what we measure and plausibly longer. A published posting-date field
would settle this, and would also make the whole problem tractable for everyone downstream.
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Absence is not fully separable into its causes. We separate eras and report both, but within any era a
missing decision may mean FDA has not finished, or that the export did not record it. For a model builder
the distinction does not change what can be used; for interpreting FDA's process it matters, and we
cannot resolve it from published data.

One agency, one product area. Drug inspections only. Whether device, food or biologics classifications
behave the same way is checkable with the same method and not checked here.

The monitoring result is conditional on the model being monitored. The frozen model is one ordinary
logistic regression on this substrate. The estimator comparison concerns the observed-to-expected ratio
and would look similar for any model whose labels arrive this way, but we have measured it for one.

We offer no repair for the second problem. Availability-clocked features fix the leakage. Nothing we
tested fixes the monitoring, and the non-identifiability result suggests nothing will without an external
source of information about the missing labels.

FDA inspection classifications are a good label with a bad property. Among inspections ending 2018 to
2023 with three years to close, a failing inspection is 2.83 times less likely to have its outcome recorded
than a passing one, and takes 3.86 times longer when it is. Models trained on prior classifications gain
0.047 to 0.081 AUROC from outcomes they could not have had. Monitors reading these labels see about
a seventeenth of the calibration failure they are meant to catch, and the standard corrections do not
recover it: the identifying assumption for inverse-probability-of-censoring weighting fails by a measured
0.499, and landmarking at two years reaches 27.6% because the missing failures never arrive at any
horizon.

The first problem has a fix that costs accuracy and buys honesty. The second does not have one in the
published data. Both would be substantially resolved by FDA publishing, alongside the classification, the
date the classification became visible.

Methods

Data source and record keying

The FDA Data Dashboard supplied 341,046 inspection classification records and 280,130 inspection
citation records, retrieved 7 September 2026 through the credentialed API [26]. Restricting to
ProductType = Drugs gives 39,926 classification records: 18,053 NAI, 18,842 VAl and 3,031 OAI.

A record is keyed by (InspectionID, ProjectArea), not by InspectionID alone: 752 inspections carry more
than one classification record because FDA classifies separately per project area, and 148 of those
disagree on the outcome. Joining on InspectionID alone is many-to-many and inflates any analysis frame
built from these tables.
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The availability measure and the primary cohort

Each record may carry an FMD145Date, the recorded final classification decision. We treat an outcome
as available on that date and unavailable otherwise, and define availability latency as the gap from
InspectionEndDate. 85 records carry a decision date preceding the inspection and are dropped as data
errors.

Two confounds are separated rather than pooled. The corpus was retrieved on 7 September 2026, so an
inspection ending in 2026 has had months rather than years to close; cumulative availability is therefore
estimated by Kaplan-Meier with administrative censoring at the retrieval date. Separately, the share of
inspections carrying any recorded decision rises from 8.4% for 2008 inspections to 77.6% for 2019
inspections (Fig. 1, right). That is the export becoming more complete, not FDA taking fifteen years to
close routine work. Pooling across the full corpus confounds the two and understates availability, so the
primary cohort is restricted to inspections ending on or after 1 January 2018 with at least three years of
follow-up: n = 10201, of which 817 are OAIl and 9,384 are not. The full series is reported alongside it as a
data-quality observation, not as the headline. Confidence intervals are by bootstrap with 2,000
resamples.

Prior analysis of this panel by the same author

An earlier manuscript by the present author — Predicting the Inspector, Not the Plant: Regulatory Targeting
and Explanation Instability in Pharmaceutical Inspection-Outcome Models, submitted to Therapeutic
Innovation & Regulatory Science on 13 September 2026 and under consideration at the time of writing,
not published and not accepted for publication, and posted as a preprint at Research Square on 16
September 2026 [27] — builds a rolling-origin panel from the same two FDA Data Dashboard endpoints
and reports this asymmetry inside its methods: a median of 314 days to a recorded closure for OAl
against 91 days otherwise, and only 20.2% of OAl records carrying a closure date at all. That manuscript
treats the asymmetry as a threat to validity and bounds its exposure — 212 rows, 0.54% of its panel,
carry a prior OAl more recent than the 314-day median latency — rather than acting on it, on the stated
ground that gating on closure date would remove most prior-OAl signal for reasons of data coverage
rather than of science.

The present paper measures the mechanism instead of bounding it. It estimates the availability process
itself on a cohort built for that purpose, quantifies what enforcing an availability clock costs a supervised
model, and tests whether the standard corrections for outcome-dependent censoring repair a monitoring
statistic computed through these labels. The two manuscripts share the data source and nothing else:
no result, table, figure or claim is reported in both.

Quantifying availability leakage in a supervised model

Page 8/15



Models built on this data commonly use a facility's prior inspection outcomes as features: how many
prior OAl, how long since the last one, prior adverse rates. Those features are built from classification
codes, and a classification code does not exist until the decision is recorded.

We quantify the consequence by rebuilding an inspection-outcome model twice under an otherwise
identical protocol: one row per drug classification record, features confined to a trailing five-year window,
L2 logistic regression fitted once and frozen, deployment 1 January 2020 to 31 May 2026 in every arm.
The comparison is run on two training windows, because the completeness of the export changes what
the measurement means: 1 October 2013 to 31 December 2016, an era in which the export is materially
incomplete, and 1 January 2018 to 31 December 2019, an era in which recording is mature. The arms
differ only in what the history features may see. The unclocked arm assumes every prior outcome is
known, as is standard. The availability-clocked arm admits a prior outcome only if the export carries a
recorded decision before the prediction date. Discrimination is compared by AUROC with 95% facility-
level bootstrap intervals over 300 resamples, so that repeated inspections of one establishment are
resampled together.

Estimators of the observed-to-expected ratio

The second use is monitoring a deployed model by comparing observed events to predicted ones. The
observed-to-expected ratio, the mean outcome divided by the mean predicted risk over a trailing window,
is the usual instrument, and calibration drift detected this way is a standard concern [21,28]. Here the
numerator is computed from whichever labels have arrived, and those are the passing ones.

Four estimators are compared against the full-information value computed on the same window with all
labels, over 88 monthly evaluation windows for the naive and weighted estimators and 89 for the
landmark estimators, January 2019 to May 2026: the naive estimate from labels arrived so far; inverse
probability of censoring weighting [23]; and landmarking [29,30], which scores only cohorts at least H
days old with administrative censoring of follow-up at H, at H = 180, 365 and 730 days. The resulting
trade-off between bias and delay is the known landmark-time selection trade-off [31]. The identifying
assumption for weighting is tested directly rather than assumed: we fit a model for whether a label
arrives within 365 days on the covariates a monitor can see, refit it with the true outcome added, and
report the residual outcome dependence after covariate adjustment. This is testable here, although it is
not testable in general [32], because the outcome is observed retrospectively even where the monitor
could not see it.

Use of large language models

A large language model (Claude, Anthropic) was used in preparing this work: to draft and revise the
analysis code supplied as Supplementary Information, and to draft and edit the manuscript text. All
decisions concerning the research question, study design, data selection, outcome definitions, analytical
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methods and experimental controls were the author's. The author independently verified every source,
data item and result, and takes full responsibility for the accuracy and integrity of the manuscript. No
large language model is listed as an author, and none could be: an LLM cannot satisfy authorship criteria
and cannot be accountable for the work. Verification is mechanical as well as editorial. Every number
printed in this manuscript is read from a result file produced by the analysis scripts, and a verification
script supplied with them re-checks each printed figure against the file that produced it and fails on any
disagreement.
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Figure 1

Left: cumulative share of inspections with a recorded FMD-145 decision, Kaplan-Meier with
administrative censoring at the retrieval date, primary cohort; passing inspections reach 74% and do so
mostly within six months, while failing inspections plateau near 25%. Right: share ever recorded by the
year the inspection ended, with three-year follow-up; the upward trend is the export becoming more
complete, and the gap between the two series is the effect this paper is about, which persists
throughout.
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Figure 2

Deployment AUROC over 1 January 2020 to 31 May 2026, with and without an availability clock on the
history features, for two training windows: October 2013 to December 2016, when the export is

materially incomplete, and January 2018 to December 2019, when recording is mature. Error bars are
95% facility-level bootstrap intervals over 300 resamples, and the intervals do not overlap in either era.
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Figure 3

The naive, weighted and two landmark estimators, each divided by the full-information value on the
same window; landmarking at H = 180 d is reported in Table 2 and omitted here for legibility. The naive
and weighted series are almost indistinguishable, which is what a violated identifying assumption looks
like in practice; landmarking separates from them and still runs at a quarter to a half of the truth.
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