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Abstract

This paper introduces a diagnostic framework for assessing annotation
shift in cross-domain machine learning, with a focus on medical imaging
applications. We formally define annotation shift as a change in the con-
ditional distribution of assigned labels given the underlying target state.
This distinction separates annotation-related effects from prevalence and
acquisition-related shifts, which may produce similar observable patterns.
We develop a framework combining input-distribution diagnostics, label-
distribution analysis, and bidirectional cross-domain model evaluation to
assess whether observed differences are consistent with annotation shift.
The approach is evaluated through controlled synthetic experiments and
experiments using osteoarthritis radiographs. Across both settings, an-
notation shift produces characteristic directional asymmetries in cross-
domain prediction errors that differ from the signatures of prevalence and
acquisition shifts. These asymmetries provide a basis for distinguishing
annotation shift from other forms of domain shift, enabling more reliable
interpretation of cross-domain model failures.

1 Introduction

Machine learning models for medical imaging often perform well in controlled
settings, but degrade when deployed across domains, such as different insti-
tutions, cohorts, or data-generating environments [1, 2]. This degradation is
typically caused by dataset shift: differences between the development and de-
ployment domains that affect the relationship between inputs, labels, and un-
derlying clinical states [3]. The source of this shift may lie, for instance, in the
input data, differences in disease prevalence or severity, or differences in the la-
belling process [4]. These mechanisms call for different responses. For example,
input differences may require harmonisation, prevalence differences may require
recalibration or reweighting, and labelling differences may require changes to
annotation protocols or label interpretation [5].

This work focuses on annotation shift, the possibility that the labelling pro-
cess itself differs across domains. Annotation shift can arise whenever labels
are assigned through human judgement, institutional conventions, or imperfect
measurement rather than directly observed ground truth. Differences in grad-
ing conventions, decision thresholds, annotator expertise, or labelling protocols
may induce systematic differences in how the same underlying case is labelled
[6]. This issue is especially important in medical applications, where labels often



reflect subjective expert interpretation and may therefore vary between insti-
tutions, clinical settings, or annotators. For example, two hospitals may apply
different thresholds for assigning a borderline imaging case to a more severe
category, even when the underlying clinical state is the same.

To study annotation shift, it is common to begin from the observed rela-
tionship between inputs and labels. In dataset-shift terminology, changes in
the conditional distribution P(Y | X) across domains are often described as
concept shift, where X denotes the observed input, such as a medical image,
and Y denotes the assigned label [7]. Because X and Y are typically the quan-
tities available in observed data, changes in P(Y | X) provide a practical way
to study whether labelling behaviour may vary across domains. However, such
changes do not uniquely identify annotation shift, since they may also arise from
differences in the input distribution, disease prevalence or severity, or the way
the same underlying disease state is represented in the observed image [8].

This ambiguity motivates distinguishing between the observed assigned label
and the underlying target state that the label is intended to represent. In most
datasets, the assigned label is only an imperfect measurement or interpretation
of an underlying state, such as disease severity [9]. We therefore distinguish
between Yi,pel, the observed assigned label, and Yi;ue, the underlying target
state, and define annotation shift as a change in P(Yiabel | Yirue). This defini-
tion captures the idea that annotation shift concerns changes in how the same
underlying state is labelled, while separating labelling behaviour from changes
in prevalence or input representation. The theoretical implications of this dis-
tinction are developed in Section 3.

Since Yipyue is typically unobserved, annotation shift cannot usually be eval-
uated directly. In practice, we must rely on observable quantities: the input X
and the assigned label Yi.pe- In this work, we develop a diagnostic framework
that combines input-distribution diagnostics, label-distribution diagnostics, and
bidirectional cross-domain model evaluation to assess whether observed cross-
domain differences are more consistent with annotation shift or with alterna-
tive explanations such as acquisition-related variation or prevalence differences.
Rather than attempting to prove the presence of annotation shift, the goal is to
determine when annotation shift is a plausible explanation for domain shift.

We develop this diagnostic framework in the context of hip osteoarthritis
severity grading from X-ray images using the Kellgren—Lawrence system, an
ordinal grading scheme known to exhibit inter-rater variability particularly at
lower severity levels [10], though the diagnostic perspective applies more broadly
to subjective labelling tasks.

2 Related Work

2.1 Dataset Shift

Dataset shift is commonly divided into three main categories: covariate shift,
where P(X) changes; prior-probability shift, where P(Y") changes; and concept



shift, where the relationship between inputs and labels P(Y | X) differs across
domains [7, 8].

Castro et al. [5] extend this framing to medical imaging from a causal per-
spective, distinguishing prevalence shift, where the distribution of the underly-
ing disease state or case mix changes, from acquisition shift, where the imaging
process or visual appearance of the data changes. In the notation used here,
these correspond to changes in Y;ue and changes in the representation of Y;,ue
in the observed input X, respectively.

Castro et al. also introduce annotation shift to describe differences in how
the same underlying case is labelled across domains. Their formulation captures
the important idea that labelling mechanisms may differ across institutions, an-
notators, or annotation protocols. However, when annotation shift is expressed
as a change in P(Y | X), it overlaps with classical concept shift, since both
describe changes in the observed relationship between inputs and labels.

Moreover, although Castro et al. conceptually distinguish mechanisms in-
volving the underlying disease state from mechanisms involving the assigned
label, these two roles of Y are not formally separated in the notation. In this
work, we make this distinction explicit by separating the latent target state
Yirue from the observed label Yape1, and define annotation shift as a change in
P(Yiabel | Yirue). This isolates changes in labelling behaviour from changes in
disease prevalence, image acquisition, or disease representation.

2.2 Shift Detection Methods

Prior work addresses the detection of dataset shift through two main method-
ological paradigms: distribution-based methods, which compare the statisti-
cal distributions of observed data across domains, and model-behaviour-based
methods, which examine how predictive models trained in one domain perform
or make errors in another [11].

2.2.1 Distribution-based Methods

A family of methods detects dataset shift by directly comparing source and
target distributions. Some approaches use statistical discrepancy measures to
compare distributions directly. For example, Gretton et al. [12] propose a ker-
nel two-sample test based on Maximum Mean Discrepancy (MMD), which tests
whether two samples are likely to have been drawn from the same distribution
by comparing their kernel mean embeddings. Other approaches formulate shift
detection as a classification problem, which is particularly common in high-
dimensional settings such as medical imaging. Lopez-Paz and Oquab [13] pro-
pose a classifier two-sample test, where a classifier is trained to predict whether
an example comes from the source or target domain; above-chance performance
indicates that the domains are statistically distinguishable. Related work also
considers settings where the class proportions change between domains while
P(X | Y) is assumed to remain stable. For example, Lipton et al. [14] show



that target-domain class proportions can be estimated from black-box classifier
predictions even without target labels.

Several frameworks combine multiple distribution-based tests. For example,
DetectShift [15] provides a unified framework for testing shifts in several observ-
able distributions, including P(X), P(Y), P(X | Y), P(Y | X), and the joint
distribution P(X,Y’). In the terminology used above, a shift in P(X) corre-
sponds to covariate shift, a shift in P(Y") corresponds to prior-probability shift,
and a shift in P(Y | X) corresponds to concept shift. Thus, such methods assess
dataset shift through statistical comparisons of observable distributions, rather
than through downstream model behaviour. In the medical-imaging setting,
a detected shift in P(X) may suggest acquisition or preprocessing differences,
while a shift in P(Y) may reflect differences in observed label proportions.

Under the definition proposed in this work, however, distribution-based
methods remain limited by their reliance on observable variables. They can
detect changes in P(X), P(Yabel), or P(Yiabel | X), but annotation shift is de-
fined as a change in P(Yiabel | Yirue). Because Yiue is unobserved, a detected
change in P(Yape | X) does not uniquely identify annotation shift. Instead, it
may also arise from acquisition-related variation, differences in disease preva-
lence, or differences in how the same underlying disease state is represented in
the observed input. In this work, we therefore use distribution-based meth-
ods primarily to assess observable input differences and to evaluate alternative
explanations for the patterns observed in model behaviour.

2.2.2 Model-behaviour-based Methods

Another way to study dataset shift is through cross-domain model evaluation.
A common approach is to train a model in one domain and evaluate it on
data from another, comparing cross-domain performance with within-domain
performance. For example, Zech et al. [16] evaluate pneumonia-detection models
across hospital systems to assess how performance changes when the deployment
domain differs from the training domain. Cohen et al. [17] and Pooch et al.
[18] use related multi-dataset evaluation strategies for chest X-ray prediction,
comparing how models trained on one or more datasets generalise to held-out
external datasets.

Under the definition proposed in this work, however, these methods remain
indirect. They operate on observable quantities, namely X and Yij,pe1, and there-
fore provide evidence about changes in P(Yiapel | X). Under our definition, an-
notation shift is a change in P(Yiapel | Yirue), which cannot be observed directly
because Yiue is unavailable. Consequently, cross-domain performance degrada-
tion or systematic error patterns may be consistent with annotation shift, but
they do not distinguish annotation-related differences from acquisition-related
or prevalence-related differences. In this work, we therefore combine model-
behaviour diagnostics with input-distribution comparisons. Specifically, we use
cross-domain performance and directional error patterns as observable signa-
tures, while separately assessing whether detectable differences in the input dis-
tribution provide an alternative explanation for the observed model behaviour.



2.3 Adapting to Dataset Shift

Methods for adapting to dataset shift typically depend on assumptions about
which component of the data-generating process has changed. Approaches tar-
geting covariate or acquisition shift often aim to learn domain-invariant rep-
resentations or align source and target feature distributions [19]. Under shifts
in class proportions, adaptation methods instead commonly rely on estimating
target-domain label distributions and reweighting predictions or training sam-
ples accordingly [20]. When differences arise from the labelling process itself,
adaptation may require revised annotation protocols, consensus procedures, or
explicit modelling of annotator behaviour [21]. These differences are important
because an adaptation strategy that is appropriate for one shift mechanism
may be ineffective or misleading under another. This motivates the need for
diagnostic approaches that can distinguish between competing explanations for
observed cross-domain differences.

3 Theoretical Analysis of Annotation Shift

The central idea behind annotation shift is that the same underlying case may
receive different observed labels depending on the annotator, institution, cohort,
or labelling protocol. This suggests that annotation shift should be understood
as a change in the mapping from an underlying target state to an observed label,
rather than only as a change in the observed relationship between inputs and
labels.

3.1 Formal Definition of Annotation Shift

Let X denote the observed input, Yiape the label assigned by an annotator or
labelling process, and Y;,u the underlying target state that the label is intended
to represent. The underlying target state need not have the same form as the
observed label: it may be continuous, ordinal, or categorical, while Y}, may be
a discretised or otherwise imperfect measurement of it. In medical settings, Yi ue
may correspond to the true disease state, disease severity, or clinical outcome
of interest.

Definition. We define annotation shift as a change in P(Yape |
Yirue) across domains.

Under this definition, annotation shift concerns differences in how the same
underlying target state is translated into an observed label, as illustrated in Fig-
ure 1. For example, a more experienced radiologist may grade more accurately
relative to this target state, while a policy change may redefine which disease
threshold triggers a positive label. Neither case necessarily involves a change in
the observed input X or in the underlying target state Yirue, but both would
result in a change in the observed label Yj,pel.
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Yirue > X »  VYiabel

Annotation shift

Figure 1: Schematic illustration of annotation shift, where differences arise in
the mapping from the latent target state Y;,ue to the observed label Yiape1, while
acquisition conditions and the observed input representation X remain stable.

This formulation separates the labelling process from other sources of cross-
domain variation. In some applications, Y;,we may be approximated by a more
reliable reference standard, such as biopsy results, longitudinal follow-up, or
expert adjudication. In many settings, however, such a reference is unavailable,
and annotation shift must be studied indirectly through observable variables.

3.2 Why P(Yiapa | X) is Insufficient

While prior work often characterises annotation shift through changes in P(Yiaper |
X), the definition proposed here instead focuses on changes in P(Yiabel | Yirue)-
The question then becomes under what conditions observable changes in P(Yiapel |
X) can still be interpreted as evidence for annotation shift. A change in
P(Yabel | X) is interpretable as evidence for annotation shift only under ad-
ditional assumptions about what remains stable across domains. In particular,
the observed input must be a comparable representation of the underlying target
state. Formally, this requires an assumption such as

PA(X | }/true) - PB(X | Y—true) (1)

meaning that the same underlying target state gives rise to comparable observed
inputs in domains A and B.

A concrete example is radiologist adaptation to scanner characteristics, as
depicted in Figure 2. When presented with images from a different institution,
a radiologist’s labelling strategy may appear to shift not because their grading
policy has changed, but because the visual presentation of the same pathology
differs. This would change P(Yiapbel | X) through a change in P(X | Yirue), and
methods that test for changes in the observed label-input relationship could
therefore interpret it as a shift, even though the mapping from Yi;ue t0 Yiabel
has not changed. As a result, an analysis based solely on P(Yiapel | X) would
incorrectly suggest the presence of annotation shift.

Conversely, if two domains contain comparable images for the same underly-
ing disease states, but one institution systematically assigns more severe grades



to borderline cases, a change in P(Yaper | X) is more plausibly explained by
annotation shift. The distinction therefore depends not only on whether the
label-input relationship changes, but also on whether the input remains compa-
rable as a representation of the underlying target state.

Acquisition conditions Acquisition conditions
Stable Differ
Stable Differ Differ May differ
Yrue X Yiabel Yirue > X Yiabel

, i X i
| P(Yiabet | Yirne) differs | | P(Yiabet | Yiruo) stable '
N e J N ’

P(Yiaber | X) changes P(Yiaber | X) may change,

because labelling differs but because X has changed

Figure 2: Illustration of how changes in the observed relationship P(Yiaber | X)
may arise from different mechanisms. Left: annotation shift, where P(Yiape |
Yirue) differs while acquisition conditions remain stable. Right: acquisition-
related shift, where P(Yiape | X) may change because the representation of
Yirue in X changes, while P(Yapel | Yirue) remains stable.

3.3 Using Observable Quantities in Practice

If Yirue is unobserved, annotation shift cannot be measured directly and must
instead be studied through observable quantities. This raises the question of
how changes in P(Yiapel | X) should be interpreted in practice.

A first consideration is whether the observed input distribution appears sta-
ble across domains. If no detectable difference in P(X) is found, this reduces
support for acquisition-related explanations of a change in P(Yape | X). In
that case, observed differences in the label-input relationship are more plausi-
bly attributed to differences in prevalence or labelling behaviour.

If differences in P(X) are detected, one approach is to reduce acquisition-
related variation through harmonisation or a transformation f(X) such that

Pa(f(X) | Yrue) = Pp(f(X) | Yirue) (2)

For example, f may correspond to image normalisation, scanner harmoni-
sation, feature standardisation, or a learned representation designed to reduce
institution-specific acquisition effects. If such a transformation makes compa-
rable underlying target states appear more similar across domains, then differ-
ences in P(Vapel | f(X)) provide stronger evidence for annotation shift than
differences observed in the original input space.



4 Methodology

Rather than attempting to prove the presence of annotation shift directly, the
goal of this framework is to assess whether observed cross-domain differences are
more consistent with annotation shift or with alternative explanations such as
acquisition-related variation or prevalence differences. This requires evaluating
whether the observed inputs provide sufficiently comparable representations of
the underlying target state for changes in the observed label-input relationship
to plausibly reflect changes in the labelling process itself. Rather than relying on
a single metric, the framework combines observable diagnostics to assess which
theoretical explanation is most consistent with the observed data.

4.1 Observable Diagnostics and Metrics

We consider two domains, denoted A and B. For each domain, we observe inputs
X and assigned labels Yape1. The underlying target state Yi,ue is not observed.
Cross-domain differences can be studied through three complementary sources
of diagnostic evidence:

1. Input-distribution diagnostics, which test whether the domains differ
in the observed inputs X.

2. Label-distribution diagnostics, which test whether the observed labels
Yiapel differ across domains.

3. Bidirectional model-behaviour diagnostics, which test how models
trained in one domain behave when evaluated in the other domain.

4.1.1 Input-distribution Diagnostics

The input-distribution diagnostic assesses whether the two domains differ in
their observed inputs X. We implement this using a classifier two-sample test
[13], in which a domain classifier is trained to predict whether a sample originates
from domain A or domain B. If the two domains are drawn from the same
input distribution, the classifier should not generalise above chance on held-out
data. Near-chance performance therefore suggests that there is no detectable
difference in P(X) for the classifier and representation used, while above-chance
performance indicates an observable input-domain signal.

No domain signal. If no input-domain signal is detected, this suggests
that the observed inputs are comparable for the classifier and representation
used, but it does not prove that P(X) is identical across domains. A domain
classifier may fail to detect subtle input differences, and different shift mech-
anisms may also offset each other in the marginal distribution P(X). Never-
theless, the absence of a detectable input-domain signal reduces support for
acquisition-related explanations of subsequent cross-domain differences. In that
case, model-behaviour diagnostics can be interpreted with greater focus on
prevalence and annotation-related mechanisms.



Detected domain signal. Detectable differences in P(X) may arise from
acquisition-related variation, prevalence differences, or disease-relevant changes
in how the underlying target state is represented. Annotation shift should not
cause input differences. This matters because the same model-behaviour pattern
that appears consistent with annotation shift may also be caused by differences
in the observed inputs.

Persistent or non-removable domain signal. If an input-domain signal
is detected, the next question is whether it can be reduced without removing in-
formation relevant to Yiue. Conceptually, this corresponds to a transformation
f(X) that suppresses domain-specific variation while preserving target-relevant
information as discussed in Section 3.3. If such a transformation is available, the
diagnostics should be repeated after correction. If the domain signal persists, or
can only be removed at the cost of degrading target-relevant information, then
the input-distribution diagnostic alone cannot rule out alternative explanations
such as prevalence differences or disease-relevant acquisition shift. In that case,
annotation shift must be interpreted using additional evidence, including label-
distribution checks, bidirectional model behaviour, or external information.

4.1.2 Label-distribution Diagnostics

The label-distribution diagnostic assesses whether the observed label distri-
butions P(Yiape) differ across domains. Such differences are informative be-
cause they may reflect either differences in the underlying disease prevalence or
severity, or differences in labelling behaviour such as systematic over- or under-
grading. A difference in P(Yiape) therefore indicates that the observed labelled
datasets differ in some way, but it does not identify the source of this difference.
Conversely, similar label distributions do not rule out prevalence or annota-
tion shift, since changes in the underlying case mix and changes in labelling
behaviour may offset each other.

4.1.3 Bidirectional Model-behaviour Diagnostics

The bidirectional model-behaviour diagnostic assesses how models trained in one
domain behave when evaluated within and across domains. We train models
separately in domains A and B, and evaluate them in four directions:

A—A A—-B, B—B, B-—A

The within-domain evaluations, A — A and B — B, provide reference
performance under each domain’s own data and labelling process. The cross-
domain evaluations, A — B and B — A, measure how well models transfer
between domains.

This bidirectional design is important because systematic annotation dif-
ferences, such as shifts in grading thresholds, may produce asymmetric cross-
domain behaviour. For example, if domain B uses stricter labelling thresholds
than domain A, a model trained on A may tend to assign higher labels than
those observed in B, while a model trained on B may tend to assign lower



labels than those observed in A. Such a reversal is more informative than a
one-directional performance drop, since ordinary domain shift can also reduce
cross-domain performance. However, this signature is expected mainly for di-
rectional or threshold-like annotation shifts. Other changes in P(Viapel | Yirue),
such as changes in annotator reliability, class-dependent noise, or non-monotone
relabelling, may affect performance without producing a consistent upward or
downward error direction.

Model behaviour is summarised using two complementary types of metrics.

First, predictive performance measures whether the model preserves use-
ful task-relevant information across domains. The specific metric depends on
the task setting: in binary experiments, this may be measured using accuracy,
balanced accuracy, or AUROC, while in ordinal settings it may be measured
using agreement or ordinal classification performance. Performance metrics are
useful because they indicate whether the model continues to separate or classify
cases across domains, but they do not by themselves identify the source of any
degradation.

Second, we use directional error rates which measure whether cross-
domain errors are systematically upward or downward in the ordinal scale.
These are the most directly relevant behavioural signature for annotation shift.

For tasks with an ordered label space, including binary, ordinal, or contin-
uous outcomes, prediction errors can be classified by their direction relative to
the observed target-domain label. Let Y denote the predicted label or score
and Y)apel the observed label. An upward error occurs when Y > Yiabel, and
a downward error occurs when Y < Yiabel: We summarise the directionality of
errors using

net direction = P(}Af > Yiabel) — P(Y < Yiabel) (3)

A positive value indicates that the model tends to assign higher labels than
the target-domain labels, while a negative value indicates that it tends to assign
lower labels.

5 Diagnostic Framework

The diagnostics defined above can be combined to interpret cross-domain differ-
ences. The framework distinguishes annotation shift from alternative explana-
tions such as acquisition-related variation or prevalence differences, since these
mechanisms may produce similar degradations in cross-domain performance
while requiring different interpretations and responses. Table 1 summarises the
expected theoretical and empirical signatures of the main shift cases considered
in the framework.
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Table 1: Theoretical shift cases and their expected diagnostic signatures.

Case

Theoretical change

Expected empirical pattern

Interpretation

No shift

All components are stable

Domain-classifier performance
near chance; similar label propor-
tions; cross-domain predictive per-
formance comparable to within-
domain baselines; net direction
small and balanced.

Reference condition.

Annotation
shift only

P(}/label | Ytrue) and P(Ylabel)
change

Domain-classifier performance near
chance; label proportions may dif-
fer; cross-domain predictive perfor-
mance decreases relative to within-
domain baselines; net direction re-
verses between transfer directions.

The strongest be-
havioural signature is

a reversal in net di-
rection: an A-trained
model may over-grade
on B, while a B-trained
model under-grades on
A, or vice versa.

Prevalence shift
only

P(Kruc), P(Ylabel) and P(X)
change

Domain-classifier performance may
be above chance; label proportions
differ across domains; cross-domain
predictive performance may remain
relatively preserved; net direction
weak, symmetric, or inconsistent.

Suggests different case
mix rather than differ-
ent labelling conven-
tions.

Prevalence and
annotation shift

P(Krue)7 P(X) and P(Yiabel |
Yirue) change. P(Yiabel) can
be difficult to interpret be-
cause prevalence and annota-
tion effects may reinforce or
offset one another.

Domain-classifier performance may
be above chance; label proportions
may differ but are difficult to in-
terpret; cross-domain predictive
performance may decrease; net di-
rection may reveal annotation dif-
ferences but can be weakened or
masked by prevalence effects.

Annotation shift could
be present, but evidence
may be confounded by
prevalence differences.

Recoverable
acquisition shift

P(X | Yirue) changes, but
the change can be corrected
by applying a harmonisa-
tion f(X) without removing
target-relevant information

Domain-classifier performance
above chance before correction f;
domain signal decreases after we
apply f; label proportions remain
similar; cross-domain predictive
performance improves after correc-
tion; net direction weak or inconsis-
tent.

Supports acquisition
shift rather than an-
notation shift, unless
annotation-like direc-
tional errors remain
after correction.

Non-
recoverable
disease-relevant
acquisition shift

P(X | Yirue) changes in a
way that cannot be safely
corrected while preserving
target-relevant information.

Persistent domain-classifier signal
in X; cross-domain predictive per-
formance may degrade; net direc-
tion may resemble annotation shift
even if labelling remains stable.

Annotation shift is not
identifiable from ob-
served data alone with-
out external evidence or
stronger assumptions.
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The framework treats annotation-shift detection as a problem of compar-
ing competing explanations for observed cross-domain differences. Rather than
serving as definitive identification rules, the cases in Table 1 are intended as
reference patterns for interpreting the joint diagnostic evidence. The combina-
tion of input-distribution diagnostics, label-distribution diagnostics, and bidi-
rectional model-behaviour diagnostics is then used to determine which shift
mechanism is most consistent with the observed data.

The table does not enumerate all possible combinations of shift mecha-
nisms. In particular, combinations involving recoverable acquisition shift are
treated through the correction step: if a valid transformation f(X) can reduce
acquisition-related variation while preserving target-relevant information, the
diagnostics are repeated after applying f(X), and any remaining patterns are
interpreted using the non-acquisition cases. In practice, this requires checking
that the domain-classifier signal decreases after applying f(X), while within-
domain task performance or other measures of target-relevant information re-
main comparable. By contrast, if the acquisition shift is non-recoverable and
affects the disease-relevant representation, then annotation or prevalence effects
cannot be reliably separated from input-related variation using observational
data alone. For this reason, mixed cases involving non-recoverable acquisition
shift are not treated as separately identifiable cases in the framework.

Figure 3 operationalises these cases as a sequential decision procedure, guid-
ing the interpretation of observed diagnostics toward the most plausible shift
mechanism.

classifier
No i e
detectad in X7 l
Apply
harmanization
C No
distribution I
I Domain signal
detectedin 47
N Yes.
J stable? ] Yes I
Obtain cross- I e Yes
‘domain metrics domain stahia?
porformanca and performance l
net direction TEiE Obtain cross-domain
metrics - .
J performance and net Cross domain Yes

direction o
Cross domain No. Cross domain Yes. | ey
Ho performancs drops e performance differance
—_— ‘and strong cross drops
net direction .
difference Cross domain Yeu Woeak non-
= racoverable
‘and strong cross net don shift
ic it No shift direction difference acquistion
‘Annotation shift plausible
Prevalance +
amotation shift
plausible

Figure 3: Diagnostic flowchart for interpreting cross-domain differences

12



6 Synthetic Experiments

To evaluate the diagnostic framework in a setting where the true source of shift
is known, we construct a simple synthetic binary classification task. The goal
of these experiments is not to reproduce the complexity of medical imaging
data, but to test whether the proposed diagnostics behave as expected under
controlled forms of dataset shift.

In this setup, the underlying target state Y;yue is modelled as a continuous la-
tent severity variable, while the observed label Y}, is binary. Annotation shift
is instantiated as a change in the threshold used to convert Yi;ye into Yiaper- The
same mechanism extends naturally to ordinal settings, where systematic anno-
tation differences may correspond to changes in one or more grading thresholds.
This threshold-based construction represents a common and interpretable form
of annotation shift, but it does not cover all possible changes in P(Yiabel | Yerue)-
Other forms, such as changes in annotator noise, reliability, or class-specific con-
fusion patterns, may lead to different empirical signatures.

Each synthetic sample consists of the latent continuous target state Yirue, &
disease-relevant observed feature X,q, a disease-irrelevant nuisance feature X,
and an observed binary label Y,pe1. The reference domain A is generated from

Y:cruc ~ N(Ov ]-) (4)
with the disease-relevant feature defined as
Xrel = Yirue + €rels €rel ™~ N(O, 0-52)7 (5)

and the disease-irrelevant feature generated independently as

Xirr ~ N(0,1). (6)
The observed label is obtained by thresholding Y, into two classes:
07 )/true < 07
Yiabel = 7
el {1, Yorue = 0. ™

This setup represents a simplified diagnostic problem in which an underlying
continuous target state is discretised into a binary label. The disease-relevant
feature X,. is an imperfect observation of the underlying target state, while
X represents disease-irrelevant nuisance variation.

Domain B is generated by modifying one or more components of the ref-
erence process. We first simulate cases where the shift is induced through the
underlying target-state distribution or the labelling rule, rather than by directly
modifying the observed features. These cases are intended to test whether the
proposed diagnostics can distinguish annotation-related and prevalence-related
mechanisms:

e No shift: Domain B is generated using the same parameters as domain

A.
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e Annotation shift: Only the labelling threshold is changed to Yiaper =
I(Yirue > —0.7), making domain B contain more positive cases.

e Prevalence shift: The mean of Y,y is increased to Yirue ~ N (0.7,1),
also making domain B contain more positive cases.

¢ Combined prevalence and annotation shift: Both the mean of Y;
and the labelling threshold are changed to Yi;ue ~ N (0.7,1) and Yiapel =
H(Kruc Z *07)

We then simulate acquisition-related variation by modifying the observed
input representation X. These cases test whether input shifts can produce pat-
terns that resemble annotation shift, and whether the effect depends on the
type of information affected. We distinguish between task-irrelevant acquisition
shift, where the changed nuisance feature should not affect the target task; task-
irrelevant acquisition shift with label leakage, where a nuisance feature becomes
predictive of Yi.pe; and disease-relevant acquisition shift, where the represen-
tation of Yi,ue in X is altered. This separates input shifts that are detectable
but potentially harmless from shifts that can mislead the model or change the
target-relevant representation.

e Recoverable acquisition shift: Only the nuisance feature is changed by
shifting its mean to 2.0, so that Xj,, ~ N(2.0,1). It remains independent
of both Yi,ue and Yiapel-

e Recoverable acquisition shift with label leakage: The nuisance fea-
ture is constructed to contain information about the observed label, even
though it does not represent the underlying target state:

Xirr = Yiabel + €irr-

e Non-recoverable disease-relevant acquisition shift: The disease-
relevant feature is changed. An offset is added to the disease-relevant
feature, Xe] = Yirue — 1 + €re1. This changes how the same underlying
disease state is expressed in the observed input. Unlike nuisance varia-
tion, the shifted component is directly related to Yiyue, SO removing the
domain signal would also alter task-relevant information. As a result, the
acquisition shift cannot be corrected without affecting the target-relevant
representation itself.

For each scenario, 5000 samples are generated for each domain. Both do-
mains are split into training and test sets, stratified by the observed label. The
diagnostics are estimated using simple linear models. The input-distribution
diagnostic is estimated with a logistic-regression domain classifier trained to
distinguish samples from domain A and domain B using the observed features
X = (Xiel, Xirr); its held-out accuracy is used as the domain-classifier accu-
racy. The label-distribution diagnostic is estimated directly from the empirical
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proportions of Yape in each domain. For the bidirectional model-behaviour di-
agnostic, separate logistic-regression classifiers are trained to predict Yjapel in
domain A and domain B, respectively, and are evaluated in four directions:

A—A A—B, B—B, B-—A

This allows within-domain performance to be compared with cross-domain trans-
fer performance. Cross-domain performance is measured using accuracy, and di-
rectional behaviour is summarised using the net-direction metric defined above.

6.1 Synthetic Experiment Results

We next evaluate the diagnostic framework across the synthetic shift scenar-
ios. Because the source of shift is known by construction, these experiments
provide a controlled setting for comparing the expected diagnostic signatures of
annotation, prevalence, and acquisition-related shifts.
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(b) Acquisition-related shifts.
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Figure 4: Diagnostic signatures of different shift mechanisms in the synthetic
experiments. Domain-classifier accuracy, observed label proportions P(Yiaber),
cross-domain accuracy, and net direction are shown for each simulated shift case.
Green and red shading indicate relative increases and decreases compared with
the no-shift condition. Annotation shift is characterised by a reversal in net
direction across transfer directions despite weak domain separability, whereas
prevalence shift primarily changes observed label proportions and acquisition-
related shifts are distinguished by stronger domain-classifier accuracy.

Figure 4(a) summarises the cases in which the underlying target-state or
labelling process changes while the observed representation remains stable. The
no-shift condition shows the expected reference pattern: near-chance domain
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discrimination, similar label proportions, stable cross-domain accuracy, and
near-zero net direction.

Annotation shift produces the clearest directional signature. Although the
domain classifier remains near chance, indicating comparable observed inputs,
the cross-domain models exhibit a reversal in net direction. The A — B model
systematically over-predicts relative to the target-domain labels, whereas the
B — A model under-predicts. This reflects the changed labelling threshold
rather than an observable input-distribution shift.

Prevalence shift instead primarily changes the class proportions and intro-
duces a detectable domain signal. Cross-domain predictive performance re-
mains relatively preserved, while the directional effects are much smaller and
more symmetric than under annotation shift. The combined prevalence-and-
annotation scenario exhibits both patterns simultaneously: shifted class pro-
portions together with an annotation-like reversal in net direction. The reversal
is weaker than under pure annotation shift, suggesting that prevalence effects
can partially offset the annotation-shift signal. Nevertheless, the pattern re-
mains closer to annotation shift than to pure prevalence shift, where directional
effects are weak and mostly symmetric.

Figure 4(b) summarises the acquisition-related shift scenarios, where the
observed representation X is modified directly. The task-irrelevant acquisition
shift without label leakage produces a strong domain signal but has little ef-
fect on cross-domain accuracy or net direction, indicating that detectable input
differences do not necessarily affect task-relevant behaviour.

In contrast, the acquisition shift with label leakage substantially degrades
cross-domain performance. Although the modified feature is intended to be
disease-irrelevant, it becomes predictive of the observed label and therefore
acts as a shortcut signal. This demonstrates how acquisition-related artefacts
or annotation-related traces can mislead the model even when the underlying
target-state relationship is unchanged.

After harmonisation, implemented by removing Xj,, entirely from the fea-
ture representation, the domain signal decreases to near chance and the cross-
domain metrics return close to their no-shift values. In this synthetic setting,
harmonisation is possible because the nuisance feature responsible for the do-
main signal is known by construction and can be removed without affecting the
disease-relevant representation X,.

Finally, disease-relevant acquisition shift produces both a persistent domain
signal and a substantial drop in cross-domain accuracy. The resulting directional
effects partially resemble annotation shift despite the labelling process remaining
unchanged. This illustrates why input-distribution diagnostics are necessary
when interpreting directional error patterns, since changes in the representation
of (Yirue) within X can produce annotation-like behaviour even in the absence
of annotation shift.
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6.2 Robustness of Directional-error Patterns

The previous synthetic experiments suggested that annotation shift and preva-
lence shift produce qualitatively different behavioural patterns, particularly in
the net-direction metric. However, these results were obtained under a single
choice of annotation thresholds and target-state distributions. To assess whether
the observed patterns reflect robust properties of the shift mechanisms rather
than specific parameter choices, we next analyse how the net-direction metric
changes under controlled variation of the domain-B annotation threshold, the
domain-B target-state distribution, and their combination.

We focus on net direction because it was the most discriminative behavioural
metric in the preceding experiments. Unlike overall performance measures, net
direction captures whether cross-domain models fail systematically in opposite
directions, making it particularly sensitive to annotation-related effects. Fig-
ure 5 compares the behaviour of this metric under pure annotation shift and
pure prevalence shift.

Net direction Net direction
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Figure 5: Left: Net direction under pure annotation shift. The annotation
threshold in domain B is varied while the target-state distribution remains fixed.
Right: Net direction under pure prevalence shift. The mean of Y,y in domain
B is varied while the annotation threshold remains fixed. Annotation shift pro-
duces a strong reversal in directional errors across transfer directions, whereas
prevalence shift produces a much weaker and more symmetric pattern.

In Figure 5, the two panels vary different parameters, but both are ex-
pressed on the same latent target-state scale. Since the reference domain uses
Yirue ~ N (0, 1), a change of 0.5 in either the annotation threshold or the mean of
Yirue corresponds to half a standard deviation on this scale. The effects should
therefore be compared as changes of similar magnitude in the latent severity
space, while keeping in mind that they act on different mechanisms: the anno-
tation threshold changes P(Yiabel | Yirue), whereas the mean shift changes the
distribution of Yirue.

Under pure annotation shift, the directional-error pattern is strong and sym-
metric. When the domain-B threshold differs from the reference threshold, the
two transfer directions move in opposite directions: the A — B model system-
atically over- or under-predicts relative to the target-domain labels, while the
B — A model shows the reverse behaviour. The magnitude of the effect is also
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large, with net direction reaching approximately -0.35 to 0.50 depending on the
threshold difference.

In contrast, pure prevalence shift produces much smaller directional effects.
Although changing the mean of Y, alters the case mix in domain B, the net-
direction values remain close to zero and do not exhibit the strong reversal
pattern characteristic of annotation shift. This suggests that prevalence shift
alone has a limited effect on directional behaviour relative to changes in the
annotation threshold.

Figure 6 examines the combined prevalence-and-annotation-shift setting by
varying the domain-B annotation threshold under different levels of prevalence
shift in domain B. The resulting curves largely preserve the annotation-shift
pattern: increasing the annotation threshold still produces opposite directional
changes across transfer directions. This suggests that annotation shift remains
distinguishable even when prevalence shift is also present.
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Figure 6: Net direction under combined prevalence and annotation shift. The
annotation threshold in domain B is varied under different levels of prevalence
shift in domain B. The annotation-shift pattern remains visible when threshold
differences are sufficiently large, but small annotation shifts may overlap with
prevalence effects.

At the same time, prevalence shift changes the baseline level of net direction
by shifting the curves upward or downward. When the domain-B annotation
threshold is sufficiently far from the reference threshold, the annotation-related
reversal remains the dominant pattern. When the threshold remains close to the
reference value, prevalence effects can partially mask or mimic the directional
pattern. In this regime, the observed behaviour may be difficult to distinguish
from prevalence-driven directional bias alone.

Together, these results support the use of net direction as a central be-
havioural diagnostic. In these simulations, pure annotation shift produces a
stronger directional effect than pure prevalence shift for changes of comparable
magnitude on the latent target-state scale, together with a systematic rever-
sal in directional errors across transfer directions. When both mechanisms are
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present, the annotation-shift signature can still remain visible, but its interpre-
tation becomes more ambiguous when prevalence effects are sufficiently strong
relative to the threshold difference.

7 Experiments on Osteoarthritis Radiographs

To evaluate the diagnostic framework in a more realistic medical-imaging set-
ting, we use hip X-ray radiographs from the Osteoarthritis Initiative (OAI).
The images are annotated with Kellgren-Lawrence (KL) osteoarthritis sever-
ity grades. Since the goal of these experiments is to study controlled forms of
shift, the OAI data are used to construct paired domains in which specific shift
mechanisms can be induced while keeping the underlying image set fixed.

The dataset is split into training, validation, and test sets containing 4708,
1008, and 1008 hip images, respectively. Both left and right hips are included.
The split is performed at the subject level, so that images from the same subject
do not appear in more than one of the training, validation, or test sets. This
prevents subject-level data leakage between splits.

The original KL grades are converted into a binary classification task. In the
reference domain, denoted domain A, the input radiographs are left unchanged
and the original labels are binarized using the rule

Yiabel = H(KL > 2)- (8)

Thus, KL grades 0 and 1 are treated as negative cases, while KL. grades 2 and
above are treated as positive cases. Domain A therefore represents the clean
reference domain. The resulting reference-domain label distribution is strongly
imbalanced, with approximately 92% negative cases and 8% positive cases.

Domain B is constructed from the same underlying OATI images, but modified
according to the shift mechanism being studied. This design allows differences in
model behaviour to be attributed to the induced shift rather than to differences
in the underlying patient population or image identities. Four shifted conditions
are considered.

First, for the annotation-shift condition, the input radiographs are unchanged,
but the binarization rule is changed to

Yiabel = I(KL > 1). (9)

This makes domain B use a more inclusive labelling threshold than domain A.
Since the images are unchanged, this condition is intended to isolate the effect
of a changed annotation rule.

Second, for the prevalence-shift condition, the original binarization rule
KL > 2 is kept, but 80% of the KL = 0 cases are removed from domain B.
This changes the observed class composition without changing the labelling
threshold for positive cases.

Third, for the acquisition-shift condition, the labels are kept unchanged but
the images in domain B are degraded to simulate differences in image acquisition
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quality, such as those that might arise from an older scanner. This is imple-
mented by applying Gaussian blur with ¢ = 1.4 and reducing contrast with a
contrast factor of 0.7. This condition is intended to introduce an input-domain
shift while preserving the observed labels. We do not attempt to learn or apply
a harmonising transformation f(X) in this experiment. Therefore, this condi-
tion tests whether an uncorrected acquisition-related perturbation produces the
diagnostic signatures expected for input shift, rather than whether the pertur-
bation can be fully corrected.

Fourth, for the combined prevalence-and-annotation-shift condition, domain
B uses both the modified annotation rule KL > 1 and the prevalence-shift
procedure described above. This condition tests whether the annotation-shift
signature remains visible when case-mix differences are also present.

For each condition, convolutional neural-network classifiers are trained sep-
arately on domain A and domain B. The model architecture is a ResNet-18
pretrained on ImageNet and adapted for binary classification [22]. Images are
resized to 160 x 160, and the final classification layer is replaced with a two-class
output layer. Models are trained using cross-entropy loss and the AdamW opti-
mizer with learning rate 10~% and weight decay 10~%. Training is performed for
a maximum of 30 epochs with early stopping based on validation ROC-AUC, us-
ing a patience of 7 epochs and a minimum improvement threshold of 10~%. The
best checkpoint according to validation ROC-AUC is used for final evaluation.

The models are evaluated in the same bidirectional design used in the syn-
thetic experiments. The within-domain evaluations A — A and B — B provide
reference performance under each domain’s own images and labelling rule. The
cross-domain evaluations A — B and B — A test how model behaviour changes
when the training and evaluation domains differ.

Three diagnostic quantities are reported. First, domain separability is mea-
sured using the held-out accuracy of a domain classifier trained to distinguish
samples from domain A and domain B. This assesses whether the induced shift
creates a detectable input-domain signal. Second, task performance is mea-
sured using AUROC in each evaluation direction. AUROC is used because it
captures ranking performance and is less dependent on a fixed classification
threshold [23]. Third, directional error behaviour is measured using net direc-
tion, which indicates whether a model tends to predict labels that are higher or
lower than the observed target-domain labels.

This experimental design is useful because domains A and B are constructed
from the same underlying image source, and in most conditions from the same
image identities. As a result, observed differences in model behaviour are less
likely to be explained by uncontrolled differences in patient populations or data
collection sites. Instead, the comparison focuses on whether the induced changes
in labelling rule, class composition, or image appearance produce the diagnostic
signatures predicted by the framework.
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7.1 Diagnostic Results on Osteoarthritis Radiographs

The OAI experiments show that the synthetic diagnostic patterns partly carry
over to a more realistic imaging setting, but with weaker and less cleanly sep-
arated signals. Annotation shift still produces the clearest directional asym-
metry, while prevalence shift mainly affects the observed label distribution and
disease-relevant acquisition shift is most visible through domain-classifier ac-
curacy. However, the strong class imbalance in the OA task makes the net-
direction values harder to interpret than in the synthetic experiments.

Figure 7 reports domain-classifier accuracy, observed label proportions P(Yiapel ),
cross-domain AUROC, and net direction for each induced shift condition. In
the original domain A, the observed class proportions are 0.93/0.07, reflecting
the strong class imbalance in the binarised OA task.
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Figure 7: Diagnostic signatures of different shift mechanisms in the OAI ex-
periments. Domain-classifier accuracy, observed label proportions P(Yiabel),
cross-domain AUROC, and net direction are shown for each induced shift con-
dition. The annotation-shift condition produces the clearest directional asym-
metry despite weak domain separability, consistent with the synthetic exper-
iments. In contrast, prevalence shift produces smaller directional effects, and
disease-relevant acquisition shift is characterised by strong domain-classifier ac-
curacy without the annotation-like reversal in net direction. Compared with
the synthetic setting, the OA experiments exhibit noisier and less symmetric
patterns, reflecting the increased complexity of realistic medical-imaging data.

It is important to note that the baseline A — A net direction is already
positive 0.12, indicating that even the reference model slightly over-predicts the
positive class. This likely reflects class imbalance or thresholding effects in the
OA data. Therefore, the cross-domain net direction values should be interpreted
relative to this baseline, rather than as deviations from zero alone.

The annotation-shift scenario produces the clearest directional asymmetry.
The domain-classifier performance remains near chance 0.51, indicating that the
observed inputs remain comparable across domains. Relative to the positive
A — A baseline net direction 0.12, the A — B model shifts downward to -0.02,
whereas the B — A model shifts upward to 0.18. This pattern is consistent with
the synthetic experiments: the changed labelling convention shifts the decision
boundary between negative and positive cases, producing directional errors.

Prevalence shift produces a different signature. The domain classifier re-
mains close to chance (0.53), and the observed class proportions are similar to
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those in the annotation-shift condition. Cross-domain AUROC remains close to
the within-domain baseline, and the net-direction values are small and similar
across transfer directions. As in the synthetic experiments, prevalence shift does
not produce the directional asymmetry characteristic of annotation shift.

The combined prevalence-and-annotation scenario exhibits both effects si-
multaneously. The class proportions shift to (0.44/0.56), while an annotation-
like directional asymmetry is still visible: the A — B net direction decreases to
—0.24, whereas the B — A net direction remains positive at 0.09. Compared
with the pure annotation-shift condition, the asymmetry is less balanced across
transfer directions, suggesting that prevalence effects alter the baseline direc-
tional behaviour. Nevertheless, the sign contrast between the two cross-domain
directions is more consistent with annotation shift than with pure prevalence
shift, where the net-direction values remain small and similar across directions.

Disease-relevant acquisition shift produces the strongest domain-classifier
signal (1.0), indicating a large observable input difference, while the class pro-
portions remain unchanged (0.93/0.07). In contrast to the annotation-shift sce-
narios, the cross-domain net-direction values remain positive in both transfer
directions and do not show the sign reversal associated with annotation shift.
Cross-domain AUROC remains similar to the within-domain values, suggesting
that the perturbation is highly detectable as an input-domain shift but does not
strongly disrupt ranking performance. This provides an important contrast: a
substantial input-distribution difference alone is not sufficient to reproduce the
annotation-like directional-error signature.

Overall, these results suggest that the proposed diagnostics remain infor-
mative in the OAI setting, but require more cautious interpretation than in
the synthetic experiments. The annotation-shift and combined-shift conditions
produce directional patterns that resemble the synthetic annotation-shift signa-
ture, whereas pure prevalence shift does not. At the same time, the baseline
directional bias and strong class imbalance show that net direction should not
be interpreted in isolation. Instead, the most useful evidence comes from the
joint pattern across diagnostics: weak domain-classifier accuracy together with
directional asymmetry supports an annotation-shift interpretation, while strong
domain-classifier accuracy points toward acquisition-related differences.

8 Discussion

This work highlights the importance of distinguishing the underlying target state
Yirue from the observed assigned label Yi.pe1 when reasoning about annotation
shift. Changes in the observable relationship P(Yiape | X) may reflect changes
in labelling behaviour, but they may also arise from differences in prevalence,
acquisition, or the way the underlying state is represented in the input. Defining
annotation shift as a change in P(Yiabel | Yirue) makes this distinction explicit
and clarifies what kind of mechanism the framework is intended to diagnose.
The proposed framework should therefore be understood as a way to compare
plausible explanations for observed cross-domain differences, rather than as a
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definitive test for annotation shift. The main empirical pattern identified in the
experiments is that systematic directional annotation differences can produce a
reversal in cross-domain error direction: a model trained in one domain tends to
over- or under-predict in the other domain, while the reverse transfer direction
shows the opposite behaviour. This is useful because it provides information
that is not captured by overall cross-domain performance alone.

At the same time, this diagnostic signature is most directly applicable to
ordered and directional forms of annotation shift. The clearest example is a
threshold shift, where one domain applies a stricter or more lenient criterion
along an ordered severity scale. This is also the type of annotation shift in-
duced in the experiments, including the relatively strong osteoarthritis shift
from KL > 2 to KL > 1. Other forms of annotation shift, such as changes
in annotator reliability, symmetric label noise, class-specific confusion, or non-
monotone relabelling, may affect performance or calibration without producing
a clear upward or downward error pattern. The directional-error diagnostic
should therefore be interpreted as evidence for systematic directional annota-
tion differences, rather than as a general detector of all possible annotation
shifts.

The framework also depends on practical modelling choices. The input-
distribution diagnostic depends on the domain classifier and on the represen-
tation of X used to compare domains. A near-chance domain classifier does
not prove that the input distributions are identical; it only indicates that no
domain signal was detected by the chosen classifier and representation. Sim-
ilarly, the model-behaviour diagnostics depend on the predictive models used
for the task. If the task model does not learn target-relevant structure well,
then cross-domain error patterns may be difficult to interpret. In practice, the
diagnostics should therefore be interpreted together with model performance,
validation results, and domain knowledge about the data-generating process.

A related practical challenge is determining whether input differences can be
corrected without removing information about the underlying target state. This
would require a transformation f(X) that reduces domain-specific acquisition
variation while preserving target-relevant information. In practice, this can
only be checked indirectly, for example by verifying that the domain-classifier
signal decreases after applying f(X), while within-domain task performance or
other measures of target-relevant information remain comparable. If acquisition
differences affect disease-relevant image regions, such a transformation may be
difficult to define or validate.

Studying annotation shift empirically is difficult because the true source of
shift is usually unknown and several mechanisms may occur at the same time.
For this reason, the synthetic experiments and constructed OAI domains were
used to create controlled settings in which specific shift mechanisms could be
isolated. This makes the diagnostic signatures easier to interpret, but it also sim-
plifies the deployment setting. In a real multi-institution osteoarthritis setting,
institutions may differ simultaneously in imaging protocols, patient populations,
disease severity distributions, and grading conventions. The framework could
still be useful as an exploratory diagnostic in such settings, but the interpreta-
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tion would be less direct than in the controlled experiments.

Prevalence shift is particularly important in this respect. A prevalence shift
involving visually obvious disease states may produce a detectable input-domain
signal, but this is not guaranteed. Case-mix differences may affect mainly bor-
derline cases, may be small relative to other sources of image variability, or may
be difficult for the chosen domain classifier to detect. Prevalence and annotation
effects may also partly mask or offset each other in the observed label distri-
bution. The robustness experiments illustrate this issue: when annotation and
prevalence shifts are combined, the annotation-shift pattern can remain visible,
but it becomes less cleanly separated when prevalence effects are strong relative
to the threshold difference.

More broadly, annotation shift is difficult to identify from observed data
alone because Y; e is usually unobserved. The proposed diagnostics can show
that observed patterns are consistent with annotation shift, but they cannot
prove that P(Vapel | Yirue) has changed without additional information. Stronger
evidence would require either a proxy for the underlying target state, such as
expert consensus labels, independent clinical measurements, or longitudinal out-
comes, or assumptions that link the observed inputs and labels to Yi.ue. For
example, longitudinal outcomes may provide information about disease progres-
sion or clinical state that is less dependent on the original grading convention.

Future work should therefore move in two directions. First, the framework
should be evaluated on independent multi-institution datasets where acquisition
conditions, patient populations, and annotation practices may all differ. Second,
additional experiments should study mixed, weaker, and non-threshold forms
of annotation shift, including changes in annotator reliability, class-dependent
noise, and non-monotone labelling differences. This would help determine which
diagnostic signatures are specific to threshold-like annotation shifts and which
generalise to broader changes in P(Yiabel | Yirue)-

9 Conclusion

This thesis introduced a diagnostic framework for assessing whether observed
cross-domain differences are consistent with annotation shift. By distinguishing
the underlying target state Y;.ue from the observed assigned label Yjape1, and
by defining annotation shift as a change in P(Yapel | Yirue), the framework sep-
arates changes in labelling behaviour from prevalence- and acquisition-related
effects.

Across both synthetic and osteoarthritis experiments, different shift mecha-
nisms produced different diagnostic patterns. Systematic threshold-based anno-
tation shift was associated with directional asymmetries in bidirectional model
evaluation, whereas prevalence and acquisition shifts produced different com-
binations of label-distribution, input-distribution, and model-behaviour signa-
tures.

These results suggest that annotation shift should not be inferred from
changes in P(Yiabel | X) alone. Instead, it should be assessed by comparing
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multiple observable diagnostics and by considering alternative explanations for
cross-domain differences. The proposed framework provides a step toward such
interpretation, while highlighting that stronger evidence for annotation shift
ultimately requires either additional information about the underlying target
state or assumptions linking Yi;ue, X, and Yaper-
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