Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

The Temporal Validity of Taxonomic Entailments in
Evolving Biomedical Ontologies

Elena Udrescu
Valahia University of Targoviste

Alexandru Udrescu
Valahia University of Targoviste

Mihai Bizoi
Valahia University of Targoviste
Ana-Maria Suduc

ana,suduc@val ahia.ro

Valahia University of Targoviste

Research Article

Keywords: Biomedical ontologies, Ontology evolution, Ontology maintenance, OBO Foundry, Entailment
survival, Subsumption, Truth maintenance, Survival analysis

Posted Date: November 4th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-11294772/v1

License: €© @ This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-11294772/v1
https://doi.org/10.21203/rs.3.rs-11294772/v1
https://doi.org/10.21203/rs.3.rs-11294772/v1
https://creativecommons.org/licenses/by/4.0/

10

11

12

13

14

15

16

17

18

19

20

21

22

The Temporal Validity of Taxonomic Entailments in Evolving

Biomedical Ontologies

Elena Udrescu?, Alexandru Udrescu?, Mihai Bizoi?, Ana-Maria Suduc®*

 Research Center for Automation, Computer Science, and Electrical Engineering, Valahia University of

Targoviste, 13 Aleea Sinaia Street, 130004 Targoviste, Romania

* Corresponding author: Ana-Maria Suduc, ana.suduc@valahia.ro

E-mail addresses: Elena Udrescu, elena.gadina.is@valahia.ro; Alexandru Udrescu,
alexandru.udrescu@valahia.ro; Mihai Bizoi, mihai.bizoi@valahia.ro; Ana-Maria Suduc,

ana.suduc@valahia.ro

Abstract

Background: Biomedical knowledge-based systems, such as annotation pipelines, phenotype-driven
diagnostic tools and cohort-selection and data-integration services, materialise conclusions derived from
reference ontologies and act on them, yet treat the ontology as fixed although it is re-released every few
weeks or months. How long such derived knowledge remains valid, and which maintenance strategies
preserve its integrity, has rarely been quantified outside Gene Ontology enrichment analysis. This article
quantifies both for the taxonomic fragment, treating each derived taxonomic entailment as a subject that is

born when it is first derivable and dies when it no longer follows.

Results: From 311 release snapshots of eight biomedical reference ontologies of the Open Biological and
Biomedical Ontology family spanning up to 16.3 years, 929,486 entailment lifetimes (623,167 incident)
are reconstructed and analysed with Kaplan—Meier and stratified Cox models. Pooled five-year survival is
0.786 (95% ontology-level interval 0.708—0.886), or 0.608 counting loss of the justifying derivation;

attrition is episodic and ontology-specific. Of the 128,950 hard invalidations, 71.8% arise from path
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breakage in which both classes named in the conclusion remain active. Deprecation signals on the two
endpoint classes detect 14.5% of invalidations, and 16.5% when every intermediate class is watched as
well; watching the subclass’s own parents raises this to at least 43.8%, whereas re-checking the edges of a
stored justification path detects all of them. At workload level, 21.9% of 3,987 cohort-style subsumption
queries lose at least one member of their answer set within three years. Volatility is largely unpredictable
at derivation time: within-ontology models beat a permutation null in one of six evaluable ontologies, and

cross-ontology transfer is below chance in five of seven.

Conclusions: Conclusions derived from biomedical ontologies expire at a measurable rate, and most of the
failures are invisible to obsoletion-based monitoring. For taxonomic inference, consumers of these
ontologies should re-derive conclusions on every release or store and re-check justification paths, rather
than rely on deprecation signals, and ontology developers can help by publishing the entailments added and

removed with each release. The corpus, the analysis code and the verification scripts are openly available.

Keywords: Biomedical ontologies; Ontology evolution; Ontology maintenance; OBO Foundry; Entailment

survival; Subsumption; Truth maintenance; Survival analysis

1. Background

Formal ontologies are the backbone of a large class of knowledge-based systems [1]. In biomedicine, where
the ontologies of the Open Biological and Biomedical Ontology (OBO) Foundry and Library [2], referred
to here as OBO-family ontologies, underpin gene and phenotype annotation and cross-database integration,
such systems are part of the semantic infrastructure on which research and clinical tools rely. Decision-
support tools, cohort-selection systems, semantic data-integration layers, annotation pipelines and
classification services all derive conclusions by reasoning over a reference ontology, and then materialise
them in caches, databases, annotation stores and published results that are queried and acted on
independently of the ontology that produced them. In many such systems the ontology is treated as a fixed

knowledge source: a conclusion derived from one release is assumed to remain valid, and the materialised
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knowledge is not re-examined when its source changes. Keeping derived knowledge consistent with an
evolving source is a classical problem in knowledge representation and database research, studied as truth
maintenance and view maintenance (Section 2.4); what is missing for ontology-backed systems is evidence

of how quickly, and in what way, that consistency is lost in practice.

Reference ontologies are not fixed. They are actively curated artefacts, re-released on cadences ranging
from a few weeks to several months, and every release brings classes that are obsoleted, merged, split, re-
parented or re-axiomatised [3, 4]. The consequence is straightforward but has rarely been measured: a
conclusion derived from an ontology has a limited shelf life, and after enough releases it may no longer

follow. Neither the system holding it nor the user reading it is informed of this.

Gene Ontology (GO) enrichment analysis is the setting in which this shelf-life effect has been documented
most thoroughly, and there it is substantial. Wadi et al. [5] showed that the vocabulary of pathways and
processes roughly doubled over a seven-year window and that a majority of surveyed publications relied
on annotation snapshots recovering only a fraction of the enrichments visible under current annotations.
Tomczak et al. [6] showed that the biological interpretation of a fixed experiment changes materially as the
Gene Ontology and its annotations evolve. GroB et al. [ 7], studying the evolution of the Gene Ontology and
its annotations, found enrichment results stable overall but identified specific datasets in which a substantial
fraction of significant categories changed. All three are studies of one ontology family and one application.
To the authors’ knowledge, the general question has not been addressed: for an arbitrary ontology-backed
inference, what is the probability that it still holds t years later, and can that probability be estimated when

the inference is drawn?

This article poses and answers that question empirically for the taxonomic fragment. The unit of
longitudinal analysis is the derived taxonomic entailment, an ordered pair of classes (subclass, superclass)
in the transitive closure of the asserted subsumption hierarchy. Treating such an entailment as a subject that
is born when first derivable, dies when it ceases to hold, and is right-censored if it survives to the end of

observation, allows survival functions to be estimated, deaths to be attributed to causes, and time-to-death
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to be tested for predictability. The scope restriction is deliberate and is reflected in the title: the analysis
covers the named-class taxonomic fragment as published in each release, not full description-logic
entailment; Sections 3.2 and 5.5 state precisely what this excludes and in which direction it biases the
results. For biomedical semantics the question is one of resource management: it asks how the routine
maintenance of an ontology propagates to the annotations, query results and explanations that were derived

from it.

The corpus is assembled from public, version-controlled ontology releases. Eight ontologies of the OBO
family, each covering 5.4 to 16.3 years of curation history, contribute 311 release snapshots, from which
929,486 entailment lifetimes are reconstructed, 623,167 of them incident, together with 377,716 events in
which the recorded justification for a still-valid entailment was superseded. To the authors’ knowledge this

is the first cross-ontology longitudinal corpus of entailment survival.

The study addresses five research questions. RQ1: How long does a derived taxonomic entailment remain
valid? RQ2: Which curation operations cause invalidation, and which of them emit a signal that a consumer
could watch? RQ3: Can the volatility of an entailment be predicted at derivation time? RQ4: Does
prioritising re-verification by predicted volatility save work? RQS5: How do entailment-level results

translate into changes in the answer sets of subsumption queries?

The contributions are as follows.

o A formalisation of entailment validity over an ontology version series, including survival semantics
under which the removal or obsoletion of either class counts as an invalidation, and a distinction
between hard invalidation, where the conclusion no longer holds, and soft invalidation, where it holds
but its justification has been rewritten so that any cached explanation is stale.

e A multi-ontology measurement of entailment survival, to the authors’ knowledge the first, including
the loss of the justifying derivation, together with an assessment of uncertainty at the level of whole
ontologies and single releases, which is much wider than the within-history bootstrap and is reported

as the operative interval (Section 4.2).
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e An attribution of invalidations to curation operations, showing that most arise from path breakage in
which both endpoint classes, and almost always every intermediate class on the justification path,
remain present and non-obsolete, so that deprecation-watching misses the large majority of
invalidations, watching the parents of the subclass as well recovers a larger but still incomplete share,
and only re-checking the edges of a stored justification path detects every one (Section 4.3).

e A restatement of the measurement at the level of a workload: of 3,987 cohort-style subsumption queries
live at the start of 2022, 21.9% lose at least one member of their answer set within three years, and
57.9% of the lost members are invisible to deprecation-watching.

e An assessment of predictability, together with the diagnostics required to interpret a negative result.
Volatility is weakly predictable in one of six evaluable ontologies once a calendar-time proxy is
removed from the feature set and the comparisons are corrected for multiplicity; it does not transfer
between ontologies, and it yields only modest gains for budget-constrained re-verification.

e A uniform release-artefact audit of all 311 snapshots, rather than a hand-inspection of the outliers,
which bounds the contribution of packaging changes to the main estimates at 1.2% of invalidations;
and a direct measurement, over the resolved import closure, showing that restricting the closure to
native classes accounts for 0.01% of the invalidations counted here.

e A released corpus of entailment survival records, the extraction and analysis code, and per-release

provenance sufficient to reproduce every number from commit identifiers alone.

The remainder of the article is organised as follows. Section 2 positions the work against five adjacent
strands of literature, including prior work on truth and view maintenance against which the present
recommendation is situated, and introduces the OBO family as the study system. Section 3 describes corpus
construction and defines entailment survival and the volatility, re-verification and query-level methodology
used throughout. Section 4 reports results for the five research questions, a release-artefact audit and further
robustness controls. Section 5 explains why prediction fails, draws out implications for system builders and

for ontology developers, and discusses threats to validity. Section 6 concludes.
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2. Related Work

2.1. Change Detection and Change Taxonomies

A mature body of work formalises what kinds of change an ontology can undergo and how to detect them
between versions. Klein et al. [3] introduced ontology versioning and change detection on the Web,
distinguishing conceptual from specification change. Noy et al. [4] developed methods for tracking changes
during ontology evolution, capturing edit operations as first-class objects. Flouris et al. [8] provide a
classification and survey of ontology change that remains the standard taxonomy, and Zablith et al. [9]
survey the evolution lifecycle from a process-centric perspective. Khattak et al. [10] propose a change-
history framework for evolving ontologies that covers versioning, provenance, consistency, recovery and
visualisation of changes, and Mahfoudh et al. [11] formalise ontology changes as typed graph grammar
transformations, so that an inconsistent version cannot be produced by a change in the first place. In the
life-science setting specifically, Hartung et al. [ 12] generate complex evolution mappings between ontology
versions with COnto-Diff, and Jackson et al. [13] package diffing and release workflows in ROBOT, now
standard tooling across the OBO family. Closest in spirit to the present measurement, Gongalves et al. [14]
separate logically effectual from ineffectual changes across 88 versions of the National Cancer Institute
(NCI) Thesaurus, 86 of which could be parsed. The logical-difference line of work makes the comparison
of two versions precise: Konev et al. [15] compute, for description-logic terminologies, the concept
inclusions over a given signature that one version entails and the other does not, and Gongalves et al. [16]

categorise such differences between OWL ontology versions.

This strand characterises change to the ontology as an artefact. It is diagnostic rather than predictive, and,
critically for the present purpose, its unit is the edit rather than the conclusion. Even change operators that
guarantee each new version is consistent [11] say nothing about whether the conclusions a downstream
system derived from the previous version still follow from the new one. Gongalves et al. [14] and the

logical-difference work [15, 16] come closest in method, computing which entailments differ between two
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given versions, but the question asked here is longitudinal and downstream of it: given a specific conclusion
a system is holding, does it still follow? Knowing that a subtree was restructured does not tell a system
which of'its stored conclusions are affected, because whether an entailment survives depends on the position
of that entailment relative to the edit, not on the edit alone. The contribution here is to shift the unit of

analysis from the edit to the entailment and to quantify the relationship between them.

2.2. Predicting Where an Ontology Will Change

A smaller literature predicts change rather than detecting it. Pesquita and Couto [17] predict which regions
of a biomedical ontology will be extended in a future version, using supervised learning over features of
previous versions, and report encouraging results on Gene Ontology biological-process terms. Cardoso et

al. [18] identify outdated concepts together with the type of revision they require.

This is the closest prior work on prediction, and it differs from the present study in its target. In both cases
the prediction target is the ontology class: which concept will be extended, or which is outdated. The target
here is the derived entailment: which conclusion will cease to hold. These are not the same, and Section 4.3
shows why the distinction matters empirically. The majority of entailment invalidations involve no change
at all to either class named in the entailment; they are caused by edits elsewhere on the justification path. A
model that flags classes needing revision would not, by construction, flag most of the conclusions that are

about to fail.

2.3. Validity of Instances Under Evolution

Qin and Atluri [19] evaluate the validity of data instances against ontology evolution, proposing notions of
structural and semantic validity and the use of semantic views to localise validation. Képke and Eder [20]
address semantic invalidation of annotations due to ontology evolution, using annotation paths and change
dependencies to identify annotations requiring maintenance. Cardoso et al. [21] construct a historical

knowledge graph that retains information from previous ontology versions within a single graph.
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This strand is the nearest in spirit to the present work: it recognises that artefacts downstream of an ontology
can be silently invalidated. It differs in unit and in method. The unit is the asserted instance or the
annotation, not the derived entailment; the treatment is a validity check at a transition rather than a
longitudinal survival characterisation across a decade of releases; and no predictive component is offered
or evaluated. The authors are not aware of prior work that estimates a survival function for entailments,

attributes invalidations to curation operations at scale, or tests whether residual lifetime can be predicted.

2.4. Truth Maintenance and View Maintenance

The design recommendation this article arrives at — store the justification with the conclusion and re-check
its edges, or re-derive outright — is not new as a mechanism: it is the central idea of truth maintenance.
Doyle [22] records for each belief the justification that supports it and retracts beliefs whose justifications
fail; de Kleer [23] generalises this to assumption sets. The database and rule-engine literature solves the
same problem under the name of view maintenance: Gupta et al. [24] maintain derived relations
incrementally under updates, Volz et al. [25] apply the technique to ontologies stored in logic databases,
and Motik et al. [26] give the current state of the art for datalog materialisation maintenance. On the
justification side, Kalyanpur et al. [27] compute all justifications of an OWL DL entailment and Horridge
et al. [28] refine them to laconic and precise forms; the "justifying path" used here is a weak special case

of that notion, restricted to the taxonomic fragment so that it is a node sequence rather than an axiom set.

What that literature does not supply is the empirical case for choosing between the options. It establishes
that incremental maintenance is possible and characterises its cost; it does not report how often, in practice,
a cached conclusion over a real curated ontology goes stale, nor which of the cheap approximations to full
maintenance actually catch the failures. That is the gap this article addresses. It matters because the cheapest
approximation is also the one that existing conventions make most accessible: deprecation-watching, in
which consumers track obsoletion markers and replaced-by pointers, is supported directly by the OBO
obsoletion conventions and tooling [13, 29], and is therefore a natural default for ontology-backed systems.

Section 4.3 quantifies what that substitution costs.
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2.5. Downstream Distortion and Versioned Data

A fifth strand documents distortion in one application: the GO enrichment studies summarised in Section 1
show that results depend on the currency of the ontology and its annotations, strongly in two studies [5, 6]
and for specific datasets in the third [7]. These studies are retrospective and domain-specific: a single
ontology family, a single analysis type, no formalism, no cross-ontology comparison, and no mechanism
that a running system could use. They establish that the problem is real and consequential; they do not
characterise it generally. A related infrastructure literature asks how versioned semantic data should be
stored and queried at all: Fernandez et al. [30] benchmark archiving and retrieval strategies for RDF
archives, Pellissier Tanon and Suchanek [31] query the edit history of Wikidata directly, and
Mountantonakis et al. [32] track connectivity and integration-quality metrics across successive versions of
an aggregated semantic warehouse to detect degradation from source changes. That work makes histories
accessible or monitors integration quality; none of it measures the durability of what is derived from the

data.

2.6. The OBO Family as a Study System

The corpus is drawn from the OBO Foundry and Library [2], a coordinated family of biomedical ontologies
developed under shared principles, whose governance and quality criteria were operationalised further by
Jackson et al. [29] and whose members increasingly share tooling through the Ontology Development Kit
[33]. The family is a favourable study system for the present purpose because it is well governed: its
ontologies are versioned in public repositories, carry explicit release identifiers, and follow documented
obsoletion conventions. Because these ontologies are curated under shared conventions, drift measured here
is unlikely to be inflated by undisciplined release practice; whether less governed knowledge sources drift

more or less remains an empirical question (Section 5.5).
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3. Methods

The aim of the study is to measure how long taxonomic entailments derived from biomedical reference
ontologies remain valid, what invalidates them, and how their invalidation can be detected or predicted.
The design is a retrospective longitudinal cohort study: entailments are followed across the public release
histories of eight OBO-family ontologies, from first derivation to invalidation or to the end of observation,
and no human participants or interventions are involved. The materials are the versioned release artefacts

of these ontologies (Section 3.1); the statistical analysis is described in Sections 3.3 to 3.7.

3.1. Corpus Construction

Eight OBO-family ontologies were selected on the basis of history length and the presence of a release
artefact, the OBO-format file of the ontology, committed to a public repository: the Sequence Ontology
(SO) [34], the Phenotype And Trait Ontology (PATO) [35], the Human Phenotype Ontology (HP) [36], the
Human Disease Ontology (DOID) [37], the Cell Ontology (CL) [38], the Environment Ontology (ENVO)
[39], the Ontology of Biological Attributes (OBA) [40] and the Uberon multi-species anatomy ontology
(UBERON) [41]. For each, all commits touching the release artefact were listed oldest-first and evenly
subsampled to at most forty (the resulting commit lists are released with the corpus). A commit at which
the release artefact is absent from the repository yields no snapshot and is skipped; this happens once in CL
(2022-12-15) and once in UBERON (2022-04-07), which is why those two ontologies contribute 39
snapshots. This yields 311 snapshots in total. Because the data-version header is not always updated
between commits, several snapshots share a header value, and snapshots are therefore distinguished by
commit hash rather than by header value. Because the series is subsampled, calendar time rather than release
index is the primary time axis; release index is reported as a sensitivity analysis in Section 4.7. Table 1

summarises the corpus.

Table 1. Corpus composition.

10
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Ontology Snap. First release Last release Span Classes  Entail. (last) Incident Hard

(yr) (last) inval. (%)
SO 40 2020-04-14 2025-09-10 5.4 2,404 15,052 1,664 6.07
PATO 40 2015-03-15 2025-05-14 10.2 1,887 10,546 2,536 8.56
HP 40 2017-03-09 2026-06-23 9.3 19,836 202,740 90,121 6.37
DOID 40 2015-11-25 2026-06-30 10.6 12,221 111,432 81,791 17.81
CL 39 2015-06-17 2026-06-08 11.0 3,335 34,591 24,513 18.89
ENVO 33 2015-08-31 2026-06-29 10.8 3,872 17,235 19,242 26.60
OBA 40 2015-06-15 2026-07-14 11.1 25,344 190,324 210,960 12.23
UBERON 39 2010-03-15 2026-06-23 16.3 14,975 135,596 192,340 37.84

For each ontology: number of release snapshots analysed, first and last release date, span in years, active native classes
and taxonomic entailments at the last release, number of incident entailment lifetimes, and the percentage of incident

lifetimes ending in hard invalidation within the observation window.

Subsampling has two consequences worth stating. Any entailment created and destroyed entirely between
two sampled releases is never observed, so measured invalidation is biased downward. And because
commits are subsampled evenly over the commit sequence rather than over calendar time, the interval
between sampled releases is very uneven: the median gap ranges from 13 days in SO to 98 days in DOID,
and the largest single gaps are 1,153 days in OBA, 834 in UBERON and 640 in ENVO, giving ratios of
largest to median interval between selected commits of 32.1 in SO and 25.6 in OBA. Deaths are dated at
the release where absence is detected, so they are interval-censored rather than exactly observed; Section
5.5 reports the sensitivity of the survival estimates to that interval, which is small overall but material for
OBA, together with a rebuild of the corpus under a calendar-uniform sampling rule
(code/resample calendar.py). Every snapshot is identified by commit hash and release date in the released

provenance files, so the corpus is reconstructible exactly.

11
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3.2. Entailments Over a Version Series

Let an ontology be observed as a series of releases O1, Oo, ..., O, ordered by release date 11 <12 < ... <1T,.
For a release O; let N(O;) denote the classes that are native to the ontology — those whose identifier prefix
matches the ontology — and C; those of them that are not flagged obsolete (Eq. (1)). Restricting to native
classes prevents churn imported from other projects being attributed to this one; removing obsolete classes
reflects what downstream consumers actually see. Section 5.5 reports the measured cost of that restriction,

which 1s 0.01% of the invalidations counted here.
C; = {c € N(0;): c is not flagged obsolete in O; } @))

The entailment set E; is the transitive closure of the is_a links published in the release artefact, restricted to
Ci and excluding reflexive pairs (Eq. (2)), where a =i b means that a reaches b through one or more is_a
links of O; whose endpoints all belong to Ci. An entailment is an ordered pair (a, b) € E;, read as “ais a
subclass of b, and the closure justifies it”; a is called the subclass and b the superclass. For each entailment
the analysis records the hop distance di(a, b), the length of the shortest justifying path (Eq. (3)), and, at the
release in which the entailment is first derived, the node sequence of one such shortest path. Recording the
sequence rather than only its length is what allows Section 3.3 to detect that a justification has ceased to

hold, and Section 3.4 to ask what became of the classes it passed through.
E;={(a,b)€C;xCira#*banda{ b} (2)
d;(a,b) = min{|r|: m is an is_a path from a to b in O; } 3)

The measured object is therefore the named-class taxonomic fragment, not full description-logic entailment.
Because the closure is taken over the is_a links as published, what it contains depends on the release
pipeline. Where a release is produced by a reasoner, subsumptions inferred from logical definitions are
materialised as is_a links and are therefore part of the measured entailment set; this holds for DOID and
ENVO, whose entailment counts in the corpus match their classified releases rather than their asserted-only

base products (Section 5.5). Where a release publishes only asserted links, inferred subsumptions are not

12
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captured. Entailments that involve anonymous class expressions or property chains are not captured in
either case. The choice keeps the corpus deterministic and reproducible without running a reasoner over
311 snapshots, and it measures exactly the hierarchy that consumers of each release artefact receive. Section
5.5 shows that, in DOID, inferred subsumptions are markedly more fragile than asserted ones, so for
releases that do not materialise them the figures reported here are likely to understate the attrition that a

consumer who classifies the ontology would see.

3.3. Survival Semantics

An entailment lifetime begins at the first release in which the pair appears in E;; this is its birth, and its hard
invalidation, defined next, is referred to as its death. Thereafter, at each subsequent release, exactly one of
three things happens. If the pair is absent from E;, the lifetime ends in a hard invalidation: the conclusion
no longer holds. If the pair is present but at least one edge of the most recently recorded justifying path no
longer holds, this is recorded as a soft invalidation: the conclusion still holds, but the derivation supporting
it has been rewritten, so any cached explanation, provenance record or proof is stale while the conclusion
itself is not. The recorded path is one shortest path, chosen deterministically by the order in which parents
are listed. Where several shortest paths exist another may survive, so the soft event measures the staleness
of a single stored explanation, which is what a system that caches one explanation holds, and overstates
staleness for a system that stores every justification. If the pair is present with its recorded justification
intact, the lifetime continues. Entailments still valid at the final observed release are right-censored. An
entailment that ceases to hold and later holds again is recorded as a hard invalidation followed by a new
lifetime; Section 4.7 reports how often this happens and how survival changes when such interruptions are
not counted. A simpler proxy for the soft event, a change in the length of the shortest justifying path, is not
used because it errs in both directions: adding a shortcut edge shortens the path while leaving the original
derivation intact, whereas a rewrite that preserves the hop count is invisible. The length-change series is

nevertheless retained in the released corpus for comparison: 40.8% of length changes are shortenings, and

13



301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

the two definitions happen to give similar pooled survival (0.669 against 0.674 at three years) because the

two errors roughly cancel.

Formally, let T denote the time from first derivation to hard invalidation, measured in years on the calendar
axis. For a set of entailments the survival function S(t) of Eq. (4) is the probability that an entailment first
derived at time zero still holds t years later. It is estimated with the Kaplan—Meier product-limit estimator

[42] of Eq. (5), which accommodates the right-censoring induced by a finite observation window.
S(t) =Pr(T >1t) )

€j

5 =Mjeyee (1-2) )

nj

In Eq. (5), tj are the distinct event times, e; is the number of hard invalidations at t; and n; the number of
entailments at risk just before tj. Where the median of T falls inside the window it is reported; where it does
not, which is the common case here, S(t) is reported at fixed horizons rather than extrapolated beyond the
data. For covariate effects on the instantaneous hazard the analysis uses Cox proportional-hazards
regression [43] stratified by ontology (Eq. (6)), so that each ontology contributes its own baseline hazard

and only within-ontology covariate structure is pooled.
hie(t 1) = ho i (t) exp(BTX) (6)

In Eq. (6), hk is the hazard in ontology k, hoy its baseline hazard, x the vector of covariates computed at
derivation and B the vector of coefficients shared across ontologies. Soft invalidations are not modelled as
a separate competing risk: an entailment that undergoes a soft event remains under observation, and the

combined hard-or-soft analysis uses the earlier of the two event times.

Because entailments present at the first observed release have unknown true age, they are left-truncated
[44], and including them would bias the survival estimates in a direction that depends on the ontology’s
history (Section 4.2). All primary analyses therefore use incident entailments only, meaning those first

observed after the first release of the series; the prevalent cohort is reported separately as a sensitivity
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analysis. The two cohorts differ sharply for some ontologies, confirming that this restriction is substantive

rather than cosmetic.

3.4. Attributing Invalidation to Curation

For each hard invalidation the two adjacent releases are compared and a cause assigned by the first matching
condition in the following order: the subclass was removed outright; the subclass was obsoleted, with or
without a replaced-by pointer; the superclass was removed; the superclass was obsoleted, with or without
a replaced-by pointer; the direct subsumption edge between the two was removed (direct edge removed);
otherwise, path breakage — both endpoint classes remain present and non-obsolete, but every path that
previously connected them has been severed, either by a change to the parents of the subclass itself or by
an edit further up the path. This ordering assigns each invalidation to the most proximate observable cause
and makes path breakage a residual category, which is conservative for the claim drawn from it, since a
case can only reach this category once every prior, more specific explanation has been ruled out. Because
it is a residual category it is decomposed further. Let P be the set of intermediate classes that lay on some
path from a to b in the release preceding the invalidation, that is, the classes x other than a and b for which
a =" x and x " b in that release. For brevity, the members of P are referred to below as the classes on the
justification path; because P collects the intermediate classes of every path from a to b, and not only of the
recorded one, the detection rates reported for deprecation-watching on the justification path are upper
bounds for a consumer that stores a single path. A path breakage is classified as intermediate-removed if
any member of P is absent from the later release, otherwise intermediate-obsoleted if any member is flagged
obsolete, and otherwise intermediate-reparented, meaning that every class involved in the conclusion and
in its derivation survives unchanged in identity and status while the edges between them no longer compose.
Only the first two categories emit a deprecation signal a consumer could watch for; Section 4.3 measures
how much of the third is visible as a change to the parents of the subclass itself. Throughout, a deprecation
signal means that a class has been flagged obsolete (with or without a replaced-by pointer) or has been

removed from the release; a consumer can observe either without re-deriving any entailment. A class counts
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as removed when its identifier no longer heads a term in the release; this includes classes merged into

another class, whose identifier is retained only as an alternative identifier of the surviving class.

3.5. Volatility Modelling

To test whether residual lifetime is predictable a classification task is defined; the fitted classifier is referred
to throughout as the volatility model, and its output as the predicted volatility of an entailment. For a horizon
H, an incident entailment is labelled as in Eq. (7): positive if it is hard-invalidated within H years of its first
derivation, and negative if it is observed to survive at least H years. Entailments whose status H years after
derivation is not observable are dropped, so no label is ever inferred from unobserved time. A training
entailment derived shortly before the cut date has its label resolved after the cut, so the split is temporal in
derivation date but not in label availability; the deployment simulation of Section 3.6 uses the stricter

criterion. H = 3 throughout.

(L iT<H

0 if T > H is observed (7

Splitting is temporal in derivation date: models train on entailments derived before a cut date and are tested
on entailments derived on or after it, with the cut at 2021.0. Fourteen features are computed at the release
in which the entailment was first derived and use no information from the future: hop distance, depth of the
subclass (the largest shortest-path distance from the subclass to any of its ancestors), its number of parents,
its number of ancestors, the number of descendants of the superclass, whether the subclass is a leaf, the age
of the subclass in releases, the number of prior revisions to its parent set, the size of the ontology, whether
the subclass is newly added, and four features describing the intermediate classes that lie on some justifying
path between the two endpoints: how many there are, the largest number of prior parent-set revisions among
them, the age of the youngest, and the largest parent count. The last four are motivated by the attribution
result of Section 4.3, which finds that the great majority of invalidations originate at exactly those
intermediate classes. They are used in the pooled models and the stratified diagnostics of Section 4.4; per-

ontology models use the ten base features. Because ontology size is, within a single ontology, a monotone
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proxy for release index and hence for birth date, within-ontology models are reported both with it and
without it, the latter on the remaining nine features. L2-regularised logistic regression and histogram-based
gradient boosting (the scikit-learn implementation, which is inspired by LightGBM [45]) are fitted, and
additionally a Cox proportional-hazards model stratified by ontology (Eq. (6)), fitted with an L2 penalty of
0.1, to characterise covariate effects on the hazard. All models are fitted on the full training fold (Section

3.8).

Because a naive reading of a single AUROC value is unsafe on data of this kind, models are evaluated
against a permutation null [46]: for each ontology the model is retrained on 500 independent random
permutations of the training labels (350 for UBERON and 200 for the CL configuration that retains
ontology size, whose fits are the slowest; the number is recorded per row in the released table), holding the
training and test folds, the feature set and the model hyperparameters identical to those of the observed
model, and the resulting distribution of test AUROC is recorded. Observed performance is judged against
the 95th percentile of that null rather than against 0.5, and the empirical permutation p-value is also reported.
Section 4.4 adds three diagnostics that are needed to interpret a negative result of this kind: an evaluation
stratified by ontology, which separates within-ontology discrimination from the effect of the changing
ontology mix; a sign-flip test whose direction is chosen on a validation window preceding the test fold, so
that an inverted ranking cannot be claimed as a finding unless it could actually have been exploited; and a
decomposition of the permutation null against two simpler nulls, which establishes what makes it as wide

as it is.

3.6. Re-Verification Simulation

The practical question is not whether volatility is predictable in principle but whether prioritising re-
verification by predicted volatility saves work. The simulation models a system that at reference date 1o =
2022.0 holds every entailment then valid and may re-verify only a fixed fraction B of them before the next
audit. The ranking model is trained only on entailments whose outcome was already observable before 1.

The measure is recall at budget B (Eq. (8)): of the entailments that are actually invalidated over the
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following three years, what fraction fall within the re-verified budget? The learned model is compared
against random ordering and three heuristics, and the ratio of a ranking’s recall to that of random ordering

is reported as its lift.

[RpNI|
-’

Recallyogel(B)

Recall(B) =

Lift(B) = 3

Recallrandom(B)

In Eq. (8), Rz is the set of entailments re-verified under budget B and I the set of entailments invalidated
over the following three years. Ties are broken uniformly at random. This choice is consequential: the
survival table is written in event order, so row order correlates with outcome, and any deterministic tie-
break leaks that ordering into rankings with many tied scores; about 81.2% of the incident entailments live

at 1o have a subclass that has never been revised.

3.7. Query-Level Restatement

Entailment-level survival is the right unit for measurement but the wrong unit for a system owner, who
holds queries rather than pairs. The results are therefore restated at the level of a cohort-style subsumption
query, the request that an ontology-backed system issues whenever it expands a term to its descendants or
propagates annotations along the hierarchy, as phenotype-driven diagnostic tools do [47, 48]: return
everything subsumed by X. The answer set of such a query at a given release is exactly the set of subclasses
of X entailed in that release, which the survival corpus records directly, so the restatement requires no
additional data and introduces no assumption about a specific application. For every superclass with at least
ten members alive at 1o = 2022.0, the analysis computes the members lost by 1o + 3, and splits those losses
by whether a consumer watching deprecation signals on the two classes named in the entailment could have
detected them. This is a query-level restatement of the same corpus, not a deployed workload with measured

costs; Section 5.5 says what it does and does not support.
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3.8. Implementation and Reproducibility

Snapshots are extracted from git by commit hash and parsed with a purpose-written parser. Survival
analysis uses lifelines [49, 50] and predictive models use scikit-learn [51, 52]; the code runs under Python
3.10-3.13. Confidence intervals are obtained by a bootstrap with 1,000 replicates that resamples whole
subclasses rather than individual entailments, each interval drawn from its own seeded generator so that it
does not depend on the order in which the tables are computed; the standard errors of the Cox model
reported in Section 4.4 use 200 replicates of the same subclass bootstrap; the ontology-level interval of
Section 4.2 uses 2,000 replicates that resample whole ontologies. All analyses are run on a deterministically
ordered corpus. This matters: emitting survival records in the iteration order of a set of class identifiers and
then taking a positional subsample of the training fold makes several figures depend on the interpreter’s
hash seed, and the pooled logistic AUROC, for instance, varies between 0.477 and 0.521 across four row
orders under that procedure (ordering sensitivity.csv). The extraction code, survival-construction code,
analysis scripts, per-release provenance tables and the full survival corpus are released with the article. Five
further analyses, whose methods are described where their results are reported, require the ontology
repositories rather than the released corpus: the prediction of bulk-restructuring events from release-process
features (Section 5.2), the timing of re-derivation and of the justification check (Section 5.3), and, in Section
5.5, the comparison of asserted and reasoner-classified release products, the recomputation of the closure
over the resolved import closure, and the rebuild of the corpus under calendar-uniform sampling. They are
shipped as runnable scripts together with their outputs (see Availability of data and materials). Parts of the
analysis code were developed with the assistance of a large language model (Claude, Anthropic); all code
was reviewed by the authors and is released in full, and the reported quantities are checked by the released

verification scripts.
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4. Results

4.1. Corpus

Figure 1 shows growth in classes and in entailments over the observed release histories summarised in
Table 1. In total the corpus contains 1,691,732 survival records: 929,486 terminal lifetimes (of which
623,167 are incident), 377,716 events in which the justification recorded for a still-valid entailment was
superseded, and 384,530 events in which the shortest-path length changed — the proxy discussed in Section
3.3, retained in the released corpus for comparison. Because births accumulate over the window while the
entailment set is measured at a single release, an ontology can contribute more incident lifetimes than it
holds entailments at the end: OBA contributes 210,960 incident lifetimes against 190,324 entailments at its

last release.

The proportion of incident entailments that are hard-invalidated within the observation window varies
sixfold across ontologies, from 6.1% in SO to 37.8% in UBERON. This spread is large enough that no

claim about "ontologies" in general is safe without per-ontology reporting, and per-ontology results are

reported throughout.
(a) Classes (b) Entailments in the subsumption closure
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Figure 1. Growth of the eight-ontology corpus over its observed release history. (a) Active native classes per release; (b)

taxonomic entailments in the subsumption closure per release. Both vertical axes are logarithmic.
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4.2. RQ1: How Long Does an Entailment Last?

Figure 2 shows Kaplan—Meier survival curves for incident entailments, and Table 2 gives survival at fixed
horizons with 95% intervals from a bootstrap that resamples whole subclasses, since entailments sharing a
subclass tend to be invalidated together. Pooled over 623,167 incident lifetimes, the probability that an
entailment still holds is 0.927 at one year, 0.823 (95% CI 0.822—0.825) at three years and 0.786 (0.784—
0.788) at five years. In other words, roughly one taxonomic entailment in five is no longer valid five years
after it was first derived. Estimates are reported only where at least 100 entailments remain at risk at that
horizon, which is why the eight-year column is empty for SO, whose observation window is 5.4 years, and
for PATO, where 67 entailments remain. SO’s three-year and five-year estimates are identical because no
incident SO entailment is invalidated between those two horizons, not because a value has been carried

over.

The intervals in Table 2 describe sampling variation among entailments within the observed release
histories, not variation between histories, and because attrition is episodic (Section 4.7) the latter dominates.
Resampling whole ontologies with replacement gives a 95% ontology-level interval of 0.757-0.902 for
pooled three-year survival and 0.708—0.886 for five-year survival. The pooled estimate implicitly weights
ontologies by their number of entailments at risk, so that OBA and UBERON supply 65% of the incident
lifetimes; the unweighted mean over the eight ontologies is 0.850 at three years and 0.818 at five. Dropping
the invalidations of any single release moves pooled five-year survival only within 0.785-0.811, so no
single release drives the pooled figure, although single releases do drive several per-ontology figures
(Section 4.7). The intervals in Table 2 should therefore be read as conditional on the observed histories,
and the ontology-level interval as the uncertainty of a claim about curated ontologies of this kind. These

analyses are released as robustness_uncertainty.csv.

Table 2. Kaplan—Meier survival of incident entailments at fixed horizons.
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Ontology n S{yr) S@B yr) [95% CI] SGyr)[95% CI] S@yr) Atrisk S@Byr) SGEyr)

Syr h+j h+j
SO 1,664 0.940 0.936 [0.903-0.964] 0.936 [0.903-0.964] — 622 0.875 0.875
PATO 2,536 0.984 0.944 [0.920-0.967] 0.903 [0.871-0.933] — 1,385 0.915 0.863
HP 90,121 0.979 0.955 [0.952-0.957] 0.942 [0.939-0.945] 0.894 46,265 0.816 0.743
DOID 81,791 0.881 0.831 [0.824-0.837] 0.815 [0.808-0.821] 0.808 49,691 0.723 0.675
CL 24,513 0.917 0.772 [0.762-0.781] 0.713 [0.699-0.724] 0.617 3,837 0.597 0.473
ENVO 19,242 0.896 0.776 [0.766—0.786] 0.713 [0.703-0.724] 0.698 9,493 0.676 0.587
OBA 210,960 0.979 0.850 [0.848-0.852] 0.838 [0.836-0.840] 0.754 26,949 0.787 0.739
UBERON 192,340 0.871 0.738 [0.734-0.741] 0.683 [0.679-0.687] 0.664 119,936 0.491 0.428
Pooled 623,167 0.927 0.823 [0.822-0.825] 0.786 [0.784-0.788] 0.758 258,178 0.674 0.608

S(1) is the probability that an entailment first derived at time 0 still holds at time t; bracketed intervals are 95% bootstrap
intervals (1,000 replicates) resampling whole subclasses within the observed release histories; Section 4.2 reports the wider
interval obtained by resampling whole ontologies. A dash means fewer than 100 entailments remain at risk at that horizon,
so no estimate is reported. The final two columns require in addition that the specific path that justified the entailment at

derivation still holds (h+j).

The restriction to incident entailments is not a technicality. Repeating the analysis on the prevalent cohort
— entailments already present at the first observed release, whose true ages are unknown — gives higher
five-year survival than the incident cohort in six of the eight ontologies (for example, 0.971 against 0.713
for CL), but much lower survival in OBA (0.136 against 0.838) and ENVO (0.403 against 0.713). Per-
ontology values are released as prevalent cohort.csv. In these two ontologies a large population of long-
standing entailments was swept away by a restructuring that postdates their unobserved birth. Analyses that
ignore left-truncation therefore report biased survival, and the direction of the bias differs between

ontologies.

Counting the loss of the justifying derivation alongside hard invalidation changes the picture materially.
The probability that an entailment both still holds and retains the derivation that originally justified it is

0.674 at three years and 0.608 at five. Two conclusions in five have therefore either lapsed outright or had
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their supporting derivation silently rewritten within five years. For a system that caches explanations,
provenance chains or proofs alongside conclusions — as auditable decision-support systems are expected

to do — the second figure is the operative one.

Median survival is not reached within the observation window for hard invalidation in seven of the eight
ontologies; only UBERON yields a finite estimate, at 16.11 years, which sits at the very edge of a 16.3-
year window and should be treated as unstable rather than as a point estimate. For hard invalidation or loss
of justification, medians exist for UBERON at 2.91 years, CL at 4.06 years and pooled at 11.76 years.
Fixed-horizon survival is therefore the primary summary; a half-life is not reported because the data mostly

do not identify one.

(a) Hard invalidation

(b) Hard invalidation or loss of the recorded justification

0.4

P(entailment still valid)

0.2

— SO
PATO

— HP

0.0

—— DOID
L
ENVO

— OBA
—— UBERON
= = Pooled

P(valid and original justification intact)

0.2 -

0.0

0.0 25 5.0 75 10.0 12.5 15.0 0.0 2.5 5.0 7.5 10.0 12.5 15.0
Years since entailment first derived Years since entailment first derived

Figure 2. Kaplan—Meier survival of incident taxonomic entailments. (a) Hard invalidation: the entailment no longer holds.
(b) Hard invalidation or loss of the recorded justification. Curves are truncated where fewer than 100 entailments remain
at risk; shaded bands in (a) are 95% bootstrap intervals resampling whole subclasses (1,000 replicates). Dashed black line

is the pooled estimate (n = 623,167).

Figure 3 stratifies survival by four covariates available at derivation time. Differences are visible but
modest, and the strata are unevenly populated: 495,863 of the 623,167 incident entailments have a
superclass with more than 100 descendants, so that is the ordinary case rather than the exception. Those
entailments survive less well than the ones whose superclass has at most one descendant, at 0.768 against

0.899 at five years, with the intermediate bins at 0.904 and 0.824. Entailments whose subclass was newly
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added when the entailment was derived survive best (0.829 at five years), whereas those whose subclass
had existed for one or two releases survive worst (0.633), consistent with the protective effect of the newly-
added indicator in the Cox model of Section 4.4. Entailments whose subclass had already been revised are
more fragile than those whose subclass had never been revised, at 0.713 against 0.806 at five years, but the
gradient is not monotone: five-year survival is 0.704 after a single prior revision, 0.710 after two or three,
and 0.748 after four or more, so a high revision count is not by itself a danger signal. These gradients are
too shallow to support the triage of individual conclusions, which anticipates the predictive results in

Section 4.4.
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Figure 3. Survival of incident entailments stratified by four covariates computable at derivation time. The covariates are
hop distance, age of the subclass in releases, prior revisions to the subclass’s parent set, and number of descendants of the

superclass. Bars give five-year survival and the line three-year survival; n is the number of entailments in each stratum.

4.3. RQ2: What Causes Invalidation?

Table 3 and Figure 4 give the composition of hard invalidations by attributed cause. Pooled across
ontologies, 71.8% are path breakage and a further 13.7% are removal of the direct subsumption edge.
Obsoletion or removal of the subclass accounts for 5.3% and of the superclass for 9.2%, together 14.5%.
Because path breakage is a residual category, it is decomposed further by asking what became of the
intermediate classes that lay on some path between the two endpoints in the preceding release. Of the 92,638
path-breakage events, 97.2% occur with every such intermediate class still present and non-obsolete; only
2.7% involve an obsoleted intermediate and 0.1% a removed one. Figure 5 gives the per-ontology

composition.
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537  Table 3. Composition of hard invalidations by attributed cause.

Ontology Path broken Direct edge removed Subclass obs./rem.  Superclass obs./rem.
SO 28.71 4.95 58.42 7.92
PATO 71.43 22.12 4.15 2.30
HP 55.87 5.26 26.44 12.43
DOID 80.87 10.68 5.20 3.25
CL 39.05 5.14 5.42 50.39
ENVO 57.09 7.15 15.38 20.38
OBA 81.21 16.81 1.17 0.81
UBERON 71.16 14.78 4.36 9.70
Pooled 71.84 13.65 5.32 9.19
538 Values are percentages of each ontology’s incident hard invalidations. Subclass and superclass columns aggregate
539 obsoletion and removal, with and without a replaced-by pointer. Path breakage means both endpoint classes remain present
540 and non-obsolete while every connecting path was severed; Figure 5 decomposes that column by what became of the
541 intermediate classes, which in 97.2% of cases are themselves still present and non-obsolete.
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543 Figure 4. Composition of hard invalidations by attributed cause, per ontology and pooled. Values are percentages of

544 incident hard invalidations. Hatching duplicates colour so that the figure remains readable in greyscale.
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Figure 5. Decomposition of path-breakage invalidations by what became of the intermediate classes. The intermediate
classes are those lying on any path between the two endpoints in the preceding release (Section 3.4). In 97.2% of cases
every intermediate class is still present and non-obsolete, so no deprecation signal anywhere on the path could have detected

the invalidation.

The dominance of path breakage has the most direct practical implications. The defence against ontology
drift that OBO conventions and tooling support directly [13, 29] is deprecation-watching: check whether
the classes referenced by a stored conclusion have been obsoleted, and follow replaced-by pointers when
they have. These results show that, pooled over the corpus, this strategy is blind to roughly 85% of
invalidations, although the share varies widely by ontology (Table 3), and that extending it to every class
on the justification path recovers only two percentage points more, reaching 16.5%. In most cases every
class involved in the conclusion and in its derivation is still present, still non-obsolete, and still carries the
same identifier; what changed is which edges connect them. No deprecation signal can detect this. Detecting
it requires either re-deriving the entailment or storing the justifying path and re-checking its edges, which

is the truth-maintenance discipline of Section 2.4 applied to the taxonomic case.

Path breakage is not, however, always caused far from the conclusion. In at least 21.8% of path breakages
(20,230 0f 92,638) the subclass lost one of its own direct parents at the same release, so the edit that severed

the path was made at the subclass rather than at an intermediate class; the share is 27.2% in UBERON and
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79.4% in PATO. The figure is a lower bound, because the corpus records a lost parent only when that loss
itself invalidated an entailment. A consumer that watches, in addition to deprecation markers, whether the
parent set of the subclass has changed therefore detects at least 43.8% of invalidations, from 29.7% in DOID
to 85.3% in PATO. That is a much better cheap monitor than deprecation-watching, but it still misses up to
56% of invalidations. Re-checking the edges of a stored justification path detects every hard invalidation
by construction, since a path whose edges all still hold still entails the conclusion; across the incident cohort
it raises 335,044 alarms, of which 38.5% are hard invalidations and the remainder soft invalidations, in
which the conclusion holds but its recorded derivation does not. The per-ontology comparison of these

detectors is released as robustness_detectors.csv.

Composition varies by ontology. Path breakage plus direct-edge removal is the majority cause in six of the
eight ontologies, ranging from 61.1% in HP to 98.0% in OBA. The two exceptions are CL, at 44.2%, where
superclass obsoletion with a replaced-by pointer is unusually frequent, and SO, at 33.7%, where outright
removal of the subclass — removal specifically, as distinct from the 58.42% of SO invalidations that Table
3 aggregates over removal and obsoletion together — accounts for 50.5%; SO contributes only 101 incident

hard invalidations, so this reflects a small number of bulk deletions rather than a distinct curation regime.

4.4. RQ3: Is Volatility Predictable?

The Cox proportional-hazards model, stratified by ontology and fitted on the full incident cohort, achieves
a concordance of 0.642, rising to 0.669 when the path features are added. Table 4 reports its covariate
effects. Among the covariates that increase the hazard, the number of ancestors of the subclass carries the
largest hazard ratio, at 1.322 per unit of log-scaled count, followed by the number of descendants of the
superclass at 1.065 and the number of parents at 1.048; ontology size (0.660) and a newly added subclass
(0.664) have the largest protective effects. Read descriptively, entailments whose subclass has many
ancestors and whose superclass has many descendants are the fragile ones. Because entailments sharing a
subclass tend to be invalidated together, the standard errors in Table 4 come from a bootstrap that resamples

whole subclasses and refits the model (200 replicates); these clustered standard errors are 0.77 to 1.57 times
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the model-based ones, and wider for seven of the ten covariates. With them, the evidence for depth of the
subclass (p = 0.030) and the leaf indicator (p = 0.032) is weaker than the model-based standard errors
suggest, although the p-value of every coefficient remains below 0.05. Because the fit is penalised, the p-
values are approximate and are reported descriptively. Three further cautions apply, and together they mean
this model should be read as a description of association rather than as a mechanism. A Schoenfeld residual
test [53] rejects proportional hazards for six of the ten covariates, so these ratios should be read as time-
averaged rather than constant; the covariates are strongly collinear, ancestor count, depth and hop distance
being three views of position in the hierarchy, so individual coefficients should not be given a causal
reading; and dropping each ontology’s single largest invalidation release moves them materially: the hazard

ratio for ontology size goes from 0.660 to 0.807 and that for ancestor count from 1.322 to 1.479.

Table 4. Cox proportional-hazards model of time to hard invalidation.

Covariate Coefficient Hazard ratio SE ]
Ancestors of subclass (log) 0.2793 1.322 0.0079 <le-4
Descendants of superclass (log) 0.0633 1.065 0.0009 <le-4
Number of parents 0.0470 1.048 0.0044 <le-4
Hop distance —0.0230 0.977 0.0013 <le-4
Depth of subclass —-0.0039 0.996 0.0018 0.0300
Subclass is a leaf —0.0198 0.980 0.0092 0.0317
Age of subclass (releases) —0.0024 0.998 0.0003 <le-4
Prior revisions of subclass —0.0084 0.992 0.0027 0.0022
Ontology size (log) —0.4152 0.660 0.0055 <le-4
Subclass newly added —0.4088 0.664 0.0061 <le-4

The model is stratified by ontology and fitted on the full incident cohort of 623,167 lifetimes with an L2 penalty of 0.1
(concordance 0.642). Coefficients and hazard ratios are from that fit; standard errors and approximate p-values come from
a bootstrap that resamples whole subclasses (200 replicates over the 74,951 subclasses) and are 0.77 to 1.57 times the
model-based ones, which table4.csv also carries. Counts marked (log) are transformed as log(l + x). Hazard ratios are

time-averaged, since proportional hazards are rejected for six of the ten covariates.
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Modest covariate effects translate into poor prediction. Table 5 reports the pooled cross-ontology model
under the temporal holdout. Logistic regression reaches an AUROC of 0.521 (95% CI 0.513-0.529) —
close to chance rather than usefully above it — and gradient boosting 0.402 (0.395-0.409), materially below
chance. Removing ontology size, which doubles as a proxy for ontology identity and for calendar time,
lowers the gradient-boosting AUROC further, to 0.356. Adding the path features lifts logistic regression to
0.564 (0.556-0.571), the strongest pooled result, and leaves gradient boosting below chance at 0.443; a
single path feature — the largest number of prior parent-set revisions among the intermediate classes —

reaches 0.590 on its own. Figure 6 shows discrimination, calibration and risk stratification for these models.

Table 5. Pooled cross-ontology volatility model under a temporal holdout on derivation date.

Model / baseline AUROC AUPRC Brier
Logistic regression 0.521[0.513-0.529] 0.155 0.140
Gradient boosting 0.402 [0.395-0.409] 0.130 0.198
Gradient boosting, ontology size removed 0.356 0.100 0.265
Baseline: hop distance 0.563 0.152 —
Baseline: superclass descendants 0.531 0.154 —
Baseline: subclass age 0.519 0.239 —
Baseline: prior revisions of subclass 0.478 0.133 —
Baseline: path revision count 0.590 0.167 —
Logistic regression + path features 0.564 [0.556-0.571] 0.166 0.139
Gradient boosting + path features 0.443 [0.436-0.450] 0.130 0.192

Models are trained on entailments derived before 2021 and tested on those derived from 2021 onward (n = 150,682, base

rate 0.133), with a three-year horizon. AUROC below 0.5 indicates an inverted ranking.

29



615

616
617
618
619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

{a) ROC (b) Calibration (c) Risk stratification

1.0+

=
w

0.8 4

o
o

0.6 1

044

True positive rate

Observed invalidation rate
o L :
¥ =

Observed invalidation rate

0.2+ =
o — Logistic (0.521)
—— Gradient baosting (0,402}
0.0 - —— Logistic + path features (0.564)

=
o

00 02 04 06 08 10 0.0 0.2 04 0.6 08 1 2 3 456 7 8 910
False positive rate Mean predicted probability Predicted-volatility decile

Figure 6. Pooled cross-ontology volatility models under the temporal holdout. (a) ROC, with AUROC in the legend; (b)
reliability diagram, with the diagonal marking perfect calibration; (c) observed invalidation rate by predicted-volatility
decile, with the dotted line marking the test base rate of 0.133. Colours are shared across panels. Neither the logistic nor

the gradient-boosted model transfers across the temporal split, and adding the path features does not change this.

A sub-chance AUROC on 150,682 test cases is a systematic inversion rather than noise, and it should not
be reported without saying what produces it and whether it could be exploited. Table 6 gives the diagnostics.
The ontology mix does shift sharply across the cut: UBERON supplies 51.8% of the training fold and OBA
63.1% of the test fold, and the base rate of UBERON in training (0.269) is about three times that of OBA
in testing (0.093). But stratifying the evaluation by ontology, so that discrimination is measured within each
ontology and averaged with weights proportional to test size, makes every model worse, not better: logistic
regression falls from 0.521 to 0.415 and gradient boosting from 0.402 to 0.352. The appropriate
interpretation is therefore the opposite of the intuitive one. The pooled figures are flattered by between-
ontology variation, which lets a model separate high-risk from low-risk ontologies without saying anything
useful about individual entailments; conditional on ontology, the ranking these models produce on later

data is inverted. The negative result is stronger than the pooled numbers alone suggest.

Whether the inversion can be exploited is a separate question, and the answer is no. Choosing the sign of
the score on a validation window that precedes the test fold and is excluded from training — the only way
to select a flip without using the test data — never selects a flip, because on that window every model

discriminates positively, with AUROC between 0.658 and 0.740. The direction of the feature—outcome
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relationship itself reverses between the validation period and the test period. This is non-stationarity, not an

inverted but stable signal, and it is why no simple recalibration corrects these models.

Table 6. Diagnostics for the pooled models of Table 5.

Model AUROC AUROC AUROC validation Flip

pooled stratified window selected
Logistic regression 0.521 0.415 0.714 no
Gradient boosting 0.402 0.352 0.658 no
Gradient boosting, ontology size removed 0.356 0.344 0.696 no
Logistic regression + path features 0.564 0.471 0.740 no
Gradient boosting + path features 0.443 0.403 0.680 no

Stratified AUROC is computed within each ontology on the test fold and averaged with weights proportional to test size.
The validation window is entailments derived in [2019.5, 2021.0), used neither for training nor for testing, the sign of the
score is selected on it and applied unchanged to the test fold, so a flip is never chosen with knowledge of the test outcome.

No configuration selects a flip.

Restricting each model to a single ontology, so that it trains and tests on that ontology’s own release history,
is the operationally realistic setting and requires care about what the model is allowed to see. With ontology
size in the feature set, two ontologies exceed the 95th percentile of their permutation null and UBERON
reaches an AUROC of 0.919 (95% CI 0.907-0.929) — but within a single ontology that feature is a
monotone proxy for the release index, so such a model is largely learning how close an entailment’s birth
was to the next bulk revision, which is not knowable at derivation time. Table 7 therefore reports both
configurations. Without the time proxy, UBERON falls to 0.554 (0.539-0.569), OBA to 0.587, ENVO to
0.597, HP to 0.518 and CL to 0.371, which is inverted; only DOID clears its null, at 0.708 (0.674—0.740)
against a null 95th percentile of 0.647, with an empirical permutation p of 0.006 and a Benjamini—Hochberg
[54] q of 0.036 across the six comparisons. Two ontologies are not evaluable and are omitted: SO, whose
pre-cut training fold holds only 814 entailments, and PATO, only two of whose 402 test entailments are

positive. The permutation null is wide — its 95th percentile ranges from 0.567 to 0.687 across the six
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evaluable ontologies — which is precisely why judging these models against a nominal 0.5 would have

been misleading.

Table 7. Within-ontology volatility models under the same temporal holdout.

Ontology n test Base rate AUROC without time proxy  Null 95th pct. Exceeds null (BH q)
[95% CI]

DOID 9,569 0.126 0.708 [0.674-0.740] 0.647 yes (q =0.036)
ENVO 4,517 0.390 0.597[0.573-0.618] 0.624 no (q=0.324)
OBA 95,080 0.093 0.587[0.581-0.592] 0.683 no (q=0.412)
UBERON 8,422 0.308 0.554 [0.539-0.569] 0.687 no (q=0.441)
HP 23,220 0.087 0.518 [0.498-0.536] 0.593 no (q =0.470)
CL 8,768 0.409 0.371[0.357-0.384] 0.567 no, inverted (q =

0.682)

Ontology size is excluded because within a single ontology it is a monotone proxy for release index. Models are judged
against the 95th percentile of a permutation null obtained by retraining on permuted training labels, q values are Benjamini—
Hochberg-corrected across the six comparisons. SO and PATO are not evaluable (see text). With ontology size retained,
UBERON reaches 0.919 and DOID 0.768, that configuration is regarded as measuring the timing of past shocks rather
than fragility.

The width of that null deserves an explanation, because a label permutation preserving the base rate would
centre a random score on 0.5 and a 95th percentile near 0.70 looks anomalous. Two candidate explanations
were tested against the same test folds. Clustering of entailments under shared subclasses accounts for very
little of it: scores drawn at random but held constant within a subclass give a null whose 95th percentile is
0.505 for OBA, 0.514 for CL and 0.535 for DOID, far narrower than the permutation null. The explanation
is instead that a model retrained on permuted labels still lands on some direction in feature space, and under
temporal shift an arbitrary direction discriminates surprisingly well: the AUROC achieved by single
features and their negations reaches a 95th percentile of 0.685 in OBA, 0.650 in ENVO and 0.815 in

UBERON, which matches or exceeds the permutation null in every evaluable ontology, while the cluster
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null lies below it; together the two simpler nulls bracket the permutation null. The permutation null is
therefore measuring the right thing, and judging against it rather than against 0.5 is essential to the

conclusions of this section.

Cross-ontology transfer fails. Training on seven ontologies and testing on the eighth gives an AUROC
below chance in five of the seven evaluable cases (PATO, with only two positive test entailments, is not
evaluable), from 0.224 for SO to 0.626 for ENVO. Volatility structure is ontology-specific: a model
borrowed from another ontology is not merely uninformative but, on this evidence, systematically
misleading, although with seven values and no confidence intervals that reading should be treated as
descriptive. A feature-family ablation in the within-ontology setting shows both feature families contribute
and neither suffices alone, with mean AUROC of 0.594 using all features, 0.587 using structural features

only and 0.566 using edit-history features only.

4.5. RQ4: Does Prioritisation Save Work?

Table 8 and Figure 7 report the re-verification simulation. Averaged over the six ontologies with sufficient
events (HP, DOID, CL, ENVO, OBA and UBERON), the volatility model recovers 13.6% of the
invalidations that occur over the following three years when re-verifying 10% of the live cache, against
10.5% for random ordering — a lift of 1.30. At a 5% budget the lift is 1.39, and it decays towards 1.08 as
the budget grows. Two simple orderings do at least as well: ranking by how often the subclass’s own parent
set has previously been revised reaches 14.1% at a 10% budget, and ranking by the largest such count
among the intermediate classes on the justification path reaches 16.9%, a lift of 1.61 and better than the
learned model at every budget up to 30%. The average conceals wide variation: in CL and ENVO the model
recovers fewer invalidations than random ordering (3.1% and 2.8% at a 10% budget, against 10.4% and

10.5%), and even the path-revision heuristic falls below random ordering in OBA (11.0% against 11.9%).

Table 8. Re-verification simulation at t9 = 2022.0 with a three-year horizon.
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Budget Volatility model Random Subclass Path Oldest first Lift vs

revisions revisions random
5% 0.072 0.051 0.085 0.101 0.029 1.39
10% 0.136 0.105 0.141 0.169 0.059 1.30
20% 0.257 0.204 0.249 0.298 0.108 1.26
30% 0.363 0.302 0.346 0.389 0.175 1.20
50% 0.552 0.511 0.526 0.547 0.328 1.08

Values are the recall, as a proportion, of entailments actually invalidated over the following three years, averaged over the
six ontologies with sufficient events (HP, DOID, CL, ENVO, OBA, UBERON). Ties are broken uniformly at random. The

final column is the lift of the volatility model over random ordering.

0 :
- | R random ordering
g{‘ 05 —8— volatility model

m —¥— path revision count
% subclass revision count
e oldest first

v 0.4 4

=

bt

=

(9]

>

© 0.3 4

0

c

o

S

]

T 0.2 1

©

>

=

w—

© 0.1 A

©

[¥]

]

o

T T T T

T
0.1 0.2 0.3 0.4 0.5
Re-verification budget (fraction of the live cache)

Figure 7. Recall of future invalidations as a function of the re-verification budget. Recall is averaged over the six ontologies
with sufficient events. Solid lines show the learned volatility model and the path-revision heuristic, dashed lines the subclass-

revision and oldest-first heuristics, and the dotted line the random-ordering expectation.

This is reported as a qualified negative result. At realistic budgets, drift-aware prioritisation offers a real
but small advantage over checking conclusions in arbitrary order, and a single-feature heuristic captures

more than the learned model does. The heuristic that works best is the one the attribution analysis predicts:
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count how often the classes on the justification path have been re-parented, not how often the endpoints

have. Section 5 draws the practical consequence.

4.6. RQ5: What This Means for a Workload

The results so far are stated per entailment, which is the right unit for measurement and the wrong one for
a system owner. Table 9 restates them per query, using the cohort-style subsumption queries defined in
Section 3.7. Of the 3,987 queries with at least ten members alive at the start of 2022, 21.9% lose at least
one member of their answer set within three years. Averaged over all queries, 3.1% of members are lost;
among the queries that change at all, the median loses 4.0% of its members, and the ninetieth percentile of
loss across all queries is 4.8%. The dispersion matters more than the average: a fifth of queries lose

members, and CL’s queries lose a median of 10.6% of their members when they change at all.

Table 9. Query-level drift for cohort-style subsumption queries.

Ontology Queries Median Changed Mean members Median loss, Losses visible to

size (%) lost (%) changed (%) deprecation (%)
SO 177 23 3.39 0.05 0.39 100.00
PATO 91 22 14.29 3.21 5.56 41.09
HP 1,376 25 26.24 3.30 3.57 39.67
DOID 671 27 24.14 2.58 2.23 22.67
CL 276 25 35.51 8.50 10.58 71.97
ENVO 200 24 21.50 4.59 7.14 25.86
OBA 295 19 18.31 3.05 4.01 47.26
UBERON 901 26 15.21 1.93 4.35 4.02
Pooled 3,987 24 21.92 3.13 4.04 42.08

Queries have at least ten members alive at Ty = 2022.0 and are observed over the next three years. The final column is the
share of lost members whose loss a consumer could have detected by watching obsoletion and removal of the two classes

named in the entailment.
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The final column tempers the principal result of Section 4.3 and is reported for that reason. At the level of
individual incident entailments, deprecation signals detect 14.5% of invalidations. At the level of answer-
set members lost from a live query cache, they detect 42.1%, because this population includes long-standing
entailments whose losses are more often endpoint obsoletions than mid-path re-parentings, and because a
single obsoleted superclass removes many members at once. The two numbers are consistent and measure
different things. The conclusion is unchanged in direction and weaker in magnitude: a system that watches
only deprecation signals still misses 57.9% of the answer-set members it loses, and the miss rate ranges

from nothing in SO to 96.0% in UBERON, so calibrating on one ontology’s experience is unsafe.

A worked example. To make the consequence concrete, consider a use of the Human Phenotype Ontology
[36] that is common in deployed tooling: retrieving all descendants of a category to assemble a phenotype
set, as phenotype-driven diagnostic and variant-prioritisation systems do [47, 48]. In the HP release of
February 2021, the entailment that “transient ischemic attack” (HP:0002326) is a subclass of “abnormal
vascular morphology” (HP:0025015) ceased to hold, although both classes remained present and non-
obsolete and the subclass kept its direct parent “stroke” (HP:0001297). All four intermediate classes on the
justification path also remained present and non-obsolete; what changed were the edges between them. A
system that had cached, or that re-issued, the query “all descendants of abnormal vascular morphology”
would from that release silently cease to retrieve transient ischemic attack, and no deprecation signal would
have warned it. The entailment was restored in the December 2022 release, so the cached answer set was
wrong for almost two years, an instance of the reversed invalidations quantified in Section 4.7. Each such
change is small, but each is invisible to the monitoring strategy that a consumer would naturally adopt, and
across the corpus such losses affect about one subclass query in five within three years. This is the practical
content of the re-derivation recommendation: a consumer who re-derives sees the change, whereas one who

watches for deprecations does not.
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4.7. Robustness Controls and Release-Artefact Audit

The following controls test whether the main estimates depend on a single ontology, on the time axis, on a
small number of releases, on invalidations that are later reversed, or on changes in how releases are

packaged.

Leave-one-ontology-out. Pooled three-year survival moves within 0.802 to 0.866 and five-year survival
within 0.760 to 0.845 when any single ontology is dropped, against baselines of 0.823 and 0.786. The

pooled estimate is not an artefact of one contributor.

Time-axis sensitivity. Recomputing survival on the release-index axis rather than in calendar years preserves
the ordering of ontologies, with UBERON and ENVO lowest and HP and SO highest at ten releases

(release_index_survival.csv). Conclusions do not depend on the choice of axis.

Size and growth confound. Across the eight ontologies, the Spearman correlation between the hard-
invalidation rate and the growth ratio (active native classes at the last release divided by those at the first)
is 0.619, and that with final size only 0.190 (size_growth.csv). Faster-growing ontologies invalidate more.

With n = 8 this is suggestive rather than significant and nothing is built on it.

Concentration in mass-revision releases. This control qualifies the interpretation of the survival estimates.
Invalidations are heavily concentrated in a small number of releases: the single largest release accounts for
77.9% of PATO’s hard invalidations, 58.7% of CL’s, 50.5% of SO’s and 47.9% of OBA’s, with only HP
at 11.1% and UBERON at 19.5% approaching an even spread. Excluding each ontology’s single largest
invalidation release raises five-year survival substantially, as Table 10 shows: CL from 0.713 to 0.850,
PATO from 0.903 to 0.978, OBA from 0.838 to 0.919, ENVO from 0.713 to 0.817 and UBERON from
0.683 to 0.738. Generalising the control to leave out each release in turn gives the same picture: five-year
survival for CL ranges from 0.713 to 0.850 and for OBA from 0.838 to 0.919 depending on which single
release is dropped. Entailment attrition is therefore not a smooth, memoryless decay process; it is episodic,

dominated by occasional bulk restructuring events.
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Release-artefact audit. Some of these bulk events are not curation at all but changes in what the release file
contains, and manual inspection identifies two such incidents. Inspection cannot establish that the remaining
snapshots are clean, so all 311 are audited under one uniform rule set, reported in the right-hand columns
of Table 10 and released as artefact releases.csv. A release is flagged as a packaging artefact if the release
product named in its data-version header differs from the previous snapshot’s, if a fall of more than 2% in
the term count is recovered within three snapshots, or if the total term count falls by more than 5% while
the native active class count moves by less than 1%. It is flagged separately as gap-affected if the interval
since the previous snapshot exceeds four times that ontology’s median interval and is at least a year, because

deaths dated at such a release are interval-censored over a window too long to attribute to it.

The audit flags 8 packaging artefacts and 15 gap-affected releases out of 311. Four of the eight flagged
releases belong to the two incidents found by manual inspection: PATO’s switch to the -base product at
2019-10-29 and back again, and OBA’s transient collapses of the term count in 2016 and 2021. The
remaining four had not been identified by manual inspection: a switch of DOID to a differently named
release file in 2019, a CL snapshot in 2019 whose data-version header names cl-simple.owl and whose term
count falls by 78.0%, and two further CL releases losing terms without a corresponding change in native
classes. The important result is how little they matter in aggregate. Deaths dated at packaging-artefact
releases are 1.2% of all hard invalidations, and excluding them moves pooled three-year survival from
0.823 to 0.825 and five-year survival from 0.786 to 0.788. The concentration reported above is therefore
overwhelmingly real curation and interval censoring rather than packaging: deaths at gap-affected releases
are 27.6% of the total, and excluding those instead moves pooled five-year survival from 0.786 to 0.824.
Per ontology the packaging correction is negligible everywhere except PATO, where 77.9% of invalidations
fall at an artefact release and five-year survival moves from 0.903 to 0.978; PATO’s figures should be read
with that in mind and are flagged in Table 10. The reason the correction is so small elsewhere is that the

measurement does not see most of what a packaging change alters: the four product substitutions move the

38



789

790

791

792
793
794
795

796

797

798

799

800

801

802

803

number of terms in the release file by as much as 78.0% while moving the native active class count by at

most 1.53% and the taxonomic entailment count by at most 3.03%.

Table 10. Concentration of invalidation in mass-revision releases, and the release-artefact audit.

Ontology Share in largest S(S yr) S(S yr) excl. Artefact Gap Hard inval. at S(5 yr) excl.

release (%) all largest releases releases artefact (%) artefact
SO 50.5 0.936 0.967 0 1 0.00 0.936
PATO 77.9 0.903 0.978 2 2 77.88 0.978
HP 11.1 0.942 0.948 0 0 0.00 0.942
DOID 23.0 0.815 0.851 1 0 6.40 0.825
CL 58.7 0.713 0.850 3 1 3.24 0.716
ENVO 38.7 0.713 0.817 0 2 0.00 0.713
OBA 479 0.838 0.919 2 2 1.10 0.839
UBERON 19.5 0.683 0.738 0 7 0.00 0.683
Pooled — 0.786 — 8 15 1.19 0.788

Columns 2 to 4 give the share (%) of an ontology’s hard invalidations occurring at its single largest invalidation release
and five-year survival with and without that release. Columns 5 to 8 give the audit: the number of snapshots flagged as
packaging artefacts and as gap-affected, the share of hard invalidations dated at packaging-artefact releases, and five-year

survival with those excluded.

Two of the gap-affected releases are the largest invalidation releases of their ontologies: ENVO’s follows
a 465-day sampling gap and a fall of 2,762 in the term count, and OBA’s follows a 590-day gap. Figure 8
plots invalidations per release against the preceding sampling gap and against the change in term count;
across releases, the Spearman correlation between the gap preceding a release and the number of
invalidations at it is 0.65 in ENVO, 0.46 in HP and 0.46 in OBA. CL’s largest release, by contrast, follows
a 63-day gap with a stable term count and appears to be genuine curation. The survival curves in Figure 2
should therefore be read as summarising a process punctuated by shocks, most of which are real

reorganisations observed through a coarse sampling window, and this distinction matters for practice: the
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risk facing a deployed system is not gradual erosion but an unpredictable re-validation event when its

ontology undergoes a major reorganisation.
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Figure 8. Hard invalidations per release against sampling gap and change in term count. The panels show (a) the number of
days since the previous sampled release and (b) the absolute change in term count at that release. Counts are shown as n +
1 on logarithmic axes. Several of the releases that dominate the survival curves follow unusually long sampling gaps or large

changes in the composition of the release artefact.

Reversed invalidations. An entailment that ceases to hold can hold again at a later release, when a
restructuring is partly undone or a class is moved back. Of the 128,950 incident hard invalidations, 16,873
(13.1%) are followed by the same pair being entailed again, and 32,988 incident lifetimes (5.3%) begin
with such a re-derivation. Reversal is rare in HP (2.2%) and SO (2.0%) but common in DOID (34.5%),
ENVO (27.8%) and CL (20.8%), and in PATO (65.0%) it coincides with the switch to and from the -base
product identified above. Counting only permanent invalidations, by joining each interrupted lifetime to its
continuation, raises pooled five-year survival from 0.786 to 0.812, with the largest movements in DOID
(0.815 t0 0.868), ENVO (0.713 to 0.787) and CL (0.713 to 0.768). For a system that caches conclusions an
interrupted lifetime is still an error while it lasts, so the primary analysis counts it; the permanent-only

figures, released as robustness_reversals.csv, bound how much of the measured attrition is transient.
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5. Discussion

5.1. What the Results Mean for System Design

Three findings bear directly on how ontology-backed systems should be built.

First, conclusions expire, and at a rate that is not negligible. One entailment in five lapses within five years,
and two in five lapse or lose the derivation that justified them; one query in five loses at least one member
of its answer set within three years. Any system that caches derived conclusions across a horizon of years
without re-derivation is accumulating silent error at a measurable rate. This is not an argument against
caching; it is an argument for attaching an explicit derivation date and ontology version to every stored

conclusion, and for treating conclusions as assertions with a validity interval rather than as facts.

Second, and more sharply, deprecation-watching is insufficient in the biomedical ontologies studied here,
and extending it to the whole justification path does not remedy this. It is the natural defence and it addresses
14.5% of invalidations at the entailment level and 42.1% of lost answer-set members at the query level.
Adding a check on the parent set of the subclass raises entailment-level detection to at least 43.8%, which
is worth doing where nothing better is possible, but still leaves up to 56% of invalidations undetected. A
system that follows replaced-by pointers and flags obsoleted terms will still hold most of its stale
conclusions undetected, because those conclusions name classes that remain active and are justified by
paths whose classes also remain active. The failure is structural: validity depends on which edges connect
the classes, and edges carry no deprecation signal. The design implication is that either the justifying path
must be stored alongside the conclusion and its edges re-checked, or the conclusion must be re-derived.
Given that re-derivation over a taxonomic fragment is computationally inexpensive — a transitive closure
over a graph of tens of thousands of nodes — the recommendation for this class of inference is to re-derive
the closure on every ontology update and to compare it with the previous closure, so that every stored

conclusion that no longer follows is identified, rather than to rely on change signals.
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Third, volatility scoring is not a substitute for re-derivation. It was the natural candidate for a cheaper
alternative, and it does not deliver one. Within an ontology it beats a permutation null in one of the six
ontologies where the comparison is evaluable, once a calendar-time proxy is removed and the six
comparisons are corrected for multiplicity; across ontologies it fails; conditional on ontology its ranking on
later data is inverted; in a budget-constrained deployment it recovers 1.30 times as many invalidations as
arbitrary ordering at a 10% budget, and a single-feature heuristic based on the revision history of the
intermediate classes on the justification path does better still, at 1.61. Section 5.3 sets out where such scoring

still has a role.

5.2. Why Prediction Fails

The reason why the predictive results are weak is itself informative. The concentration control in Section
4.7 shows that invalidation is dominated by episodic bulk restructuring. Such events are curatorial decisions
— areorganisation of a branch, an alignment with an upstream ontology, a change in modelling convention
— and their timing is not encoded in the structural features of individual entailments. A model trained on
structural position is attempting to predict the consequences of decisions that have not yet been made and
whose causes lie outside the artefact. That the resulting signal is weak, ontology-specific and unstable
across periods is to be expected. Structural features may indicate which entailments are exposed if a

restructuring occurs, but they cannot indicate whether or when it will.

The diagnostics of Section 4.4 sharpen this. The models are not uninformative on data adjacent in time to
their training fold, where they reach AUROC between 0.658 and 0.740; they invert on data from a later
period. What changes between the two periods is which reorganisations happened, and to which regions of
the hierarchy. This is also why a within-ontology model that is allowed to see a proxy for calendar time
appears to do so much better: it is not predicting fragility but locating the shocks that already happened.
And it explains the failure of cross-ontology transfer. Each ontology has its own curation culture, release

discipline and history of reorganisations. What made UBERON entailments fragile in one period reflects
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UBERON’s particular restructuring events, and the absence of cross-ontology transfer (Section 4.4) is

consistent with there being no reason for that to generalise to HP.

To test whether the bulk-restructuring events identified above are themselves predictable from curation
activity — as distinct from the structural features of individual entailments — release-level process features
were mined from the version-control history of each repository: the interval since the previous release, the
volume of commits and of commits touching the release artefact, the number of distinct editors, and a
burstiness measure, each computed over the interval preceding a release so that no future information is
used, over 284 releases in total. Labelling as a bulk event each release in the top decile of its ontology's
hard-invalidation share (33 bulk events), a leave-one-ontology-out model reaches an AUROC of 0.507, and
0.534 with the sampling-gap feature removed; the most discriminating single feature is the gap since the
previous sampled release, at 0.619, which is the interval-censoring confound of Section 4.7 rather than a
curatorial signal. Within a single ontology the mean AUROC is 0.552, ranging from 0.125 to 0.815 across
the eight ontologies on only four or five bulk releases each, which is too wide to indicate real structure. The
features and results are released as process features.csv and process prediction.json. Process signals
therefore do no better than the structural features of Section 4.4 at anticipating the events that drive attrition,
which supports the reading that their timing is set by exogenous curatorial decisions not encoded in the

observable release process.

5.3. A Drift-Aware Conclusion Record

The results support a concrete, low-cost design, which is the taxonomic specialisation of a justification-
based truth maintenance record [22]. Every stored conclusion should carry three additional fields: the
identifier and release version of the ontology that produced it, the date of derivation, and the justification
— for a taxonomic entailment, the sequence of classes on the path that supported it. The first two make
staleness detectable in principle at negligible cost. The third is what makes it detectable in practice, because
it converts the path-breakage problem from invisible to checkable: a system holding the justification can

test, at each new release, whether each consecutive link on the recorded path still holds, which requires one
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edge lookup per link rather than a full re-derivation. Over the corpus this check detects every hard
invalidation, and 38.5% of the alarms it raises are hard invalidations; the others mark conclusions that still
hold but whose recorded derivation has been rewritten, which a system that caches explanations must
refresh in any case. It must test the links, not the classes: Section 4.3 shows that in 97.2% of path breakages

every class on the path is still present and non-obsolete.

As Section 5.1 argues, full re-derivation dominates every alternative where it is affordable, which it is for
the taxonomic fragment studied here; the incremental-maintenance literature surveyed in Section 2.4
supplies the machinery for the cases where it is not. Where neither is available — for conclusions that have
already been externalised into publications or downstream databases, or for systems that consume an
ontology they do not control — the justification-monitoring check gives most of the benefit at a small
fraction of the cost. Volatility scoring should be regarded as a last resort, used only when neither re-
derivation nor justification monitoring is available, and calibrated on the ontology’s own history rather than
borrowed, as Section 5.1 also concludes. The record is also complementary to change-history management
[10]: a change log records what was edited, whereas this record stores what was concluded and on what

grounds, which is the information needed to decide whether an edit matters to a given consumer.

Scalability. The recommendation to re-derive holds at the scale of the largest ontologies. Re-deriving the
entire taxonomic closure is a transitive closure over a directed acyclic graph, whose cost in these ontologies
grows approximately linearly with the number of derived entailments: measured on the last corpus release
of each ontology with a single-threaded, unoptimised Python implementation, a complete re-derivation
takes 5—17 ms for SO, PATO, CL and ENVO, 53 ms for DOID, and 68, 104 and 108 ms for UBERON, HP
and OBA (136k, 203k and 190k entailments), at a stable 0.43—0.57 us per entailment. An ontology an order
of magnitude larger would re-derive in about a second, negligible against a release cadence of weeks. The
justification-monitoring check of the previous paragraph scales better still and in the dimension that matters
here: it tests each edge of a stored path for continued existence — measured at 37-118 ns per lookup — so

its cost is linear in the length of the justification and independent of the size of the ontology, growing only
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with the number of cached conclusions. The practical ceiling on both strategies is therefore I/O and

orchestration, not the graph computation, at every scale the OBO family currently reaches.

5.4. Implications for Ontology Developers

The attribution results also speak to curation practice. Because most invalidations are path breakages in
which every class on the path is still present and non-obsolete, and because an edit above the subclass can
sever the path without changing the subclass itself, the downstream impact of a re-parenting operation can
be far larger than its local extent suggests, and it is invisible to consumers. Moving a single mid-level class
can invalidate every entailment that passed through it. Release notes that enumerate obsoletions but not re-
parentings would therefore understate the impact of a release on downstream consumers; this article does
not examine release notes directly. Publishing, alongside each release, the set of entailments added and
removed — which is cheap to compute for a taxonomic fragment, and which existing tooling such as
ROBOT [13] could emit — would let consumers detect exactly the invalidations that deprecation signals
currently hide. A second, cheaper recommendation follows from the artefact audit: because a change of
release product is indistinguishable, to a consumer, from a mass deletion, release files should record the

product they were generated from and pipelines should not silently substitute one product for another.

5.5. Threats to Validity

Fragment. As introduced in Section 1 and detailed in Section 3.2, the analysis covers the named-class
taxonomic fragment as published in each release, not full description-logic entailment. Its relation to the
reasoned taxonomy was measured for the three ontologies that publish both an asserted-only base product
and a classified product, by comparing the two products at the latest available release (2026-08-31 for
DOID, 2026-06-29 for ENVO, 2025-05-14 for PATO). Subsumptions that only the reasoner derives are
33.6% of DOID’s named-class subsumptions and 28.1% of ENVO’s, and none of PATO’s, whose logical
definitions reference external ontologies. For DOID and ENVO the corpus already contains them: the

entailment counts at their last corpus release, 111,432 and 17,235, are those of the classified product rather
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than of the base product, because their release artefacts materialise inferred links. Across three transitions
between DOID’s classified releases from 2021 to 2026, conditioned on both endpoint classes surviving so
that obsoletion is excluded, inferred-only subsumptions are invalidated at 3.7 to 7.0 times the rate of
asserted ones. Two consequences follow. The survival figures of ontologies whose releases materialise
inferences, such as DOID and ENVO, already include this more fragile component; and for releases that
publish only asserted links, the figures describe the more durable asserted hierarchy and understate what a
consumer who classifies the ontology would experience, which is the sense in which they remain an
optimistic bound. The comparison is released as dl_entailment survival.csv; extending it to every snapshot
of every ontology requires classifying each snapshot with a reasoner. Extending the measurement to part-

of relations is likewise left to future work.

Native-class closure. The closure is taken over classes native to the ontology only, so an edit that re-routes
a justifying path through an imported class would register here as an invalidation even though a consumer
of the merged release would still hold the entailment. This bears directly on the article’s principal result, so
it is measured rather than argued. Recomputing every snapshot closure with the import closure resolved,
and comparing the two entailment sets at every consecutive snapshot transition, gives 211,970 entailment
disappearances under the native-only closure, of which 30 — 0.01% — are still entailed once imported
classes are admitted. All 30 occur in a single ontology, DOID, where they are 0.12% of its disappearances;
the other seven ontologies contribute none. Restricting attention to the disappearances in which both
endpoint classes remain present and non-obsolete, which is the population from which path breakage is
drawn, 30 of 154,617 are recoverable, or 0.02%. The native-class restriction therefore has a negligible
effect, and the attribution result of Section 4.3 does not depend on it. This count of disappearances is a
superset of the 128,950 incident hard invalidations analysed elsewhere, because it includes prevalent
entailments and pairs that are re-derived at a later release, which makes the bound conservative. The

measurement is in imports_recheck.csv and is reproduced by code/imports_recheck.py from local clones.
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A related observation supports the same conclusion from the opposite direction: the release-product
substitutions found by the audit of Section 4.7 barely move the native active class count and the entailment
count. The restriction to native classes is thus what insulates the measurement from changes in how a release

is packaged.

Sampling. As Section 3.1 notes, at most forty snapshots per ontology means entailments created and
destroyed between sampled releases are invisible, biasing measured invalidation downward, so the survival
estimates are optimistic. Because commits rather than calendar time are subsampled, the gaps between
snapshots are very uneven, reaching 1,153 days in OBA. Deaths are dated at the release where absence is
detected; placing them instead at the midpoint or the start of the interval moves pooled three-year survival
from 0.823 to 0.819 and 0.817 respectively, so the effect is negligible overall, but for OBA, where the
median interval within which an invalidation is known to have occurred is 1.6 years, five-year survival
moves between 0.784 and 0.858. The artefact audit in Section 4.7 quantifies the consequence from the other

direction: 27.6% of hard invalidations are dated at releases following an unusually long gap.

Re-selecting snapshots uniformly on the calendar axis over the full commit history of each repository, at
the same budget of forty, removes most of that unevenness: the ratio of the largest to the median interval
falls from 32.1 to 5.5 in SO, from 11.9 to 1.4 in UBERON, from 7.6 t0 2.9 in PATO and from 4.7 to 2.6 in
CL. It does not remove it for OBA, where the ratio falls only from 25.6 to 10.4, nor for ENVO, where it
barely moves (13.5 to 13.3), because those two repositories contain only 50 and 33 commits touching the
release artefact over the whole observation period. The long intervals in OBA and ENVO are therefore
genuine holes in the release history rather than artefacts of subsampling, and no sampling rule can close
them. This is the strongest reason to read the concentration results of Section 4.7 as describing an episodic

process observed coarsely rather than a smooth process observed badly.

To establish whether the commit-sequence sampling rule drives the estimates, the entire corpus was rebuilt
from these calendar-uniform snapshots; because the budget is unchanged, the comparison isolates the rule

rather than the sample size. Where commits touching the release artefact are few or clustered in time, several
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calendar targets fall on the same commit, so the calendar rule selects fewer snapshots (23 for SO, 24 for
OBA, 30 for PATO, 32 for ENVO and 36 for CL), and the observation window is extended only for SO,
HP and DOID, whose latest releases postdate the published corpus; five-year survival moves by at most
0.005 in these three ontologies. Five-year survival changes by at most 0.017 in six of the eight ontologies
and is identical in DOID and ENVO. Two ontologies move, both through mechanisms documented above:
PATO rises from 0.903 to 0.965 because denser sampling dilutes the packaging-artefact release that
dominates its figures (Section 4.7), and OBA falls from 0.838 to 0.657 because of a gap-affected release;
excluding gap-affected releases, as in the audit of Section 4.7, restores OBA to 0.788. The same exclusion
raises ENVO from 0.713 to 0.831 under both rules, revealing a latent shock that the unadjusted comparison
does not show. Pooled five-year survival is 0.739 under the calendar rule, or 0.772 once gap-affected
releases are excluded, against 0.786 under the published rule. Table 11 reports the full comparison. Every
qualitative conclusion is preserved. The pooled estimate moves toward more drift, consistent with the
reading that the reported pooled figures are an optimistic bound, although the estimates for PATO,

UBERON and SO move in the opposite direction.

Table 11. Survival under commit-sequence (CS) versus calendar-uniform (Cal) sampling.

Ontology Interval ratio (CS—Cal) S(S yr) (CS) S(S yr) (Cal) A S(5 yr) (Cal, gap-excl.)
SO 32,1555 0.936 0.941 +0.005 0.941
PATO 7.6—2.9 0.903 0.965 +0.062 0.965
HP 2.2—1.7 0.942 0.940 —0.002 0.940
DOID 29-1.4 0.815 0.815 0.000 0.815
CL 4.7-2.6 0.713 0.711 —0.001 0.711
ENVO 13.5-13.3 0.713 0.713 0.000 0.831
OBA 25.6—10.4 0.838 0.657 —0.181 0.788
UBERON 11.9-1.4 0.683 0.701 +0.017 0.701

48



1006

1007

1008

1009

1010

1011

1012

1013

1014

1015

1016

1017

1018

1019

1020

1021

1022

1023

1024

1025

1026

1027

1028

Ontology Interval ratio (CS—Cal) S(5 yr) (CS) S(5 yr) (Cal) A S(5 yr) (Cal, gap-excl.)

Pooled — 0.786 0.739 —0.047 0.772

Interval ratio is the ratio of the largest to the median interval between selected commits; A is the five-year survival difference,
computed from unrounded estimates; the final column excludes gap-affected releases as defined in Section 4.7.

Under the calendar-uniform rebuild, the pooled share of invalidations detectable by deprecation signals on
the justification path rises from 16.5% to 27.9%. Most of this shift comes from OBA’s gap-affected release,
which records a bulk subclass-obsoletion event that the sparser commit-sequence sampling straddled (OBA:
2.0% to 54.4%). The detectable share also changes in PATO (8.8% to 25.0%), where denser sampling
dilutes the packaging-artefact release, and in UBERON (16.4% to 7.6%); in the remaining five ontologies

it moves by at most two percentage points.

Episodic dynamics and power. Because attrition is concentrated in bulk events, survival estimates depend
on whether an ontology underwent a major reorganisation during the observation window (Table 10), and

all correlations across ontologies rest on n = 8 and are reported as suggestive only.

Generalisation. The corpus comprises eight ontologies, all of the OBO family and predominantly
biomedical, which share tooling and governance conventions. To probe generalisation, two plant-science
ontologies curated by a different community were added, the Plant Ontology (PO) and the Plant
Experimental Conditions Ontology (PECO), both from Planteome [55]. They were chosen because, unlike
the Mondo Disease Ontology (MONDOQO) [56] or GO [57], they commit their release artefact to version
control and can therefore be processed by the same pipeline. Both are themselves OBO-family ontologies,
so the comparison probes generalisation across domains and curation communities, not beyond OBO
conventions. The phenomenon itself is not confined to biomedicine: PECO’s three-year survival is 0.673
(95% CI 0.588-0.763), lower than that of any of the biomedical ontologies, whereas PO is stable at 0.986,
so conclusions expire outside biomedicine as well. The invalidation mechanism, however, appears specific
to the biomedical structural ontologies studied here. In both plant ontologies invalidation was dominated

by obsoletion rather than mid-path re-parenting, so a deprecation-watching consumer would have detected
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83-88% of'it, against 16.5% pooled over the eight biomedical ontologies. The central recommendation —
which is motivated by the invisibility of path breakage — is therefore stated as evidenced for the large
biomedical anatomy and disease ontologies, where it is strongest (UBERON and DOID), rather than as a
universal property; it is already weaker in SO and CL, where obsoletion or removal of an endpoint class
accounts for the majority of invalidations (Table 3). This plant evidence is preliminary and not conclusive:
it rests on only six hard invalidations in PO and a single restructuring episode over PECO's short history,
and both ontologies come from one curation community, so they sample a single alternative culture rather
than several. Whether curation that proceeds mainly by obsoletion systematically restores the value of
deprecation-watching is thus an open question these two ontologies raise but cannot settle. A broader,
genuinely domain-diverse survey remains future work; the practical obstacle is that several candidate
ontologies, including MONDO and GO, distribute their releases outside the version-control history of the
repository, so that including them requires either a separate acquisition step for archived releases or

rebuilding each release from the edit file with a reasoner.

Simulation, not deployment. The re-verification experiment operates on the entailment set itself, and the
query-level analysis of Section 4.6 restates the same corpus in terms of subsumption queries rather than
measuring a real workload with real costs. Neither supports a claim about clinical or scientific
consequences; both support claims about how much of what a system holds becomes wrong, and how much
of that a given monitoring strategy would catch. Connecting drift to decision outcomes requires a deployed

system and is left to future work.

6. Conclusions

This article has posed a question that ontology-backed knowledge-based systems implicitly answer every
day without measuring it: how long does a derived conclusion remain true? Taking the derived taxonomic

entailment as the unit of longitudinal analysis, and drawing on 311 public release snapshots from eight
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OBO-family ontologies spanning up to 16.3 years, 929,486 entailment lifetimes were tracked, 623,167 of

them incident, and their survival estimated.

The answer is that conclusions expire measurably. Pooled five-year survival is 0.786, with a 95% interval
of 0.708-0.886 when whole ontologies are resampled; counting the loss of the justifying derivation, it is
0.608. Of all hard invalidations, 71.8% arise from path breakage in which both classes named in the
conclusion remain present and non-obsolete, and in 97.2% of those cases every class on the justifying path
does as well; deprecation signals therefore detect only 16.5% of invalidations, watching the parents of the
subclass as well detects at least 43.8%, and only re-checking the edges of a stored justification detects them
all. Restated as a workload, 21.9% of cohort-style subsumption queries lose at least one member within
three years, and 57.9% of the lost members are invisible to deprecation-watching. This is the article’s

principal practical result.

Volatility is largely unpredictable at derivation time. Pooled cross-ontology prediction is weak and
deteriorates further when the evaluation is stratified by ontology; within-ontology prediction exceeds a
permutation null in one of the six evaluable ontologies once a calendar-time proxy is removed and
multiplicity is controlled; transfer between ontologies falls below chance in five of seven; and budget-
constrained triage yields a lift of 1.30 over random ordering at a 10% budget, less than a simple count of
prior revisions to the classes on the justification path. The reason is visible in the data: invalidation is
dominated by episodic curatorial restructuring whose timing is not encoded in the structure of individual

entailments.

The practical recommendation follows directly. For taxonomic inference, re-derive rather than monitor: re-
derivation is cheap, and in the large biomedical ontologies studied here every cheaper signal misses a large
share of invalidations, although Section 5.5 shows that this balance shifts in ontologies whose invalidations
are dominated by obsoletion rather than re-parenting. Where re-derivation is infeasible, store the justifying
path and re-check its edges, which is justification-based truth maintenance specialised to the taxonomic

case; failing that, rank conclusions by the revision history of the classes on that path, calibrated on the
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ontology’s own history, and expect modest gains. In all cases, store conclusions with the ontology version
and date that produced them, so that staleness is at least detectable in principle. For ontology developers,
the corresponding recommendation is to publish, with each release, the set of taxonomic entailments added

and removed (Section 5.4).

Four directions remain open. The first is to extend the description-logic survival measurement of Section
5.5 from DOID to the ontologies that publish only an asserted release, which requires classifying each
snapshot with a reasoner. The second is to broaden the generalisation test beyond the two plant ontologies
examined here, ideally across several curation communities, to establish whether curation by obsoletion
systematically restores the value of deprecation signals. The third is to identify release-process or editorial
signals that anticipate bulk restructuring, since neither structural nor release-process features examined here
do so. The fourth is to move from the query-level restatement and worked example of Section 4.6 to a
deployed decision-support workload, where the cost of a stale conclusion is measured directly rather than

proxied by recall.

List of abbreviations

AUPRC: area under the precision—recall curve; AUROC: area under the receiver operating characteristic
curve; BH: Benjamini—Hochberg; CI: confidence interval; CL: Cell Ontology; DOID: Human Disease
Ontology; ENVO: Environment Ontology; GO: Gene Ontology; HP: Human Phenotype Ontology;
MONDO: Mondo Disease Ontology; NCI: National Cancer Institute; OBA: Ontology of Biological
Attributes; OBO: Open Biological and Biomedical Ontology; OWL: Web Ontology Language; PATO:
Phenotype And Trait Ontology; PECO: Plant Experimental Conditions Ontology; PO: Plant Ontology;
RDF: Resource Description Framework; ROC: receiver operating characteristic; RQ: research question;

SE: standard error; SO: Sequence Ontology; UBERON: Uberon multi-species anatomy ontology
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    C  i = {   c ∈ N  (   O  i ) : c  is not flagged obsolete in    O  i   }


    E  i = {    ( a , b ) ∈   C  i ×   C  i : a ≠ b  and  a  ⊑  i + b   }


    d  i  ( a , b ) = min {    | 𝜋 | : 𝜋  is an is_a path from  a  to  b  in    O  i   }


  S  ( t ) = Pr  ( T > t )


    S ^  ( t ) =   ∏  j :     t  j ≤ t ​   ( 1 −     e  j    n  j )


   h  k  ( t ∣ 𝐱 ) =  h  0 , k  ( t )   exp  (   𝛃 ⊤ 𝐱 )


  y =  {    1  if  T ≤ H   0  if  T > H  is observed


  Recall  ( B ) =    |   R  B ∩ I |   | I | ,     Lift  ( B ) =    Recall model  ( B )   Recall random  ( B )

