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Abstract

Statistical distribution alignment methods for domain
adaptation assume similar class distributions across do-
mains, but this assumption cannot always be guaranteed
in medical imaging data. This research investigates the ef-
fect of cross-domain class imbalance on statistical distri-
bution alignment in unsupervised domain adaptation for
medical image classification. QOur experiments demon-
strate that statistical distribution alignment using MMD
performs reliably under mild domain shifts but struggles
when both severe cross-domain class imbalance and com-
plex domain shifts are present. To address this, we im-
plement class-conditioned domain alignment with a new
weighted minibatch sampling method. Under conditions
of extreme domain shift and severe cross-domain class im-
balance, combining statistical distribution alignment with
more complex sampling strategies results in small improve-
ments compared to alignment with random sampling, sug-
gesting that class-conditioned distribution alignment offers
limited practical benefits. The model appears robust to
label noise, but since the performance gains are tiny, the
choice of sampling strategy could have limited influence on
overall performance. In our experiments, we employ the
CHECK and OAI hip X-ray datasets to investigate binary
osteoarthritis classification under varying levels of domain
shift and cross-domain class imbalance.

1. Introduction

Deep learning models have achieved significant success
in medical image analysis; however, their performance of-
ten declines when applied to data obtained from different
clinical settings [13]]. This degradation can arise from vari-
ations in imaging equipment, acquisition protocols, or pa-
tient demographics. These discrepancies give rise to do-
main shift, which occurs when the feature distribution of
the training data (source domain) differs from that of the
deployment data (target domain). As a result, models that
perform well on the source dataset may fail to generalize
effectively and produce unreliable predictions when applied

to other datasets.

Domain adaptation [29, [12] is a promising solution to
this problem by adapting models trained on a source do-
main to perform well on a different target domain. This
process could be performed in a supervised manner, where
a model trained on labeled source data is fine-tuned using
a small labeled subset of the target domain. However, in
medical imaging, obtaining such labeled target data is often
impractical due to the high cost and time requirements of
expert annotation. To overcome these limitations, an Un-
supervised Domain Adaptation approach [20] is often used,
which leverages labeled source data to adapt models to un-
labeled target domains, thereby eliminating the need for ad-
ditional target-domain annotations.

A common approach to unsupervised domain adapta-
tion is statistical distribution alignment, which aims to re-
duce the discrepancy between the feature distributions of
the source and target domains. In deep learning, this is typi-
cally achieved by training models to learn domain-invariant
feature representations that generalize well across datasets
with differing distributions. One widely used discrepancy
metric for this purpose is the Maximum Mean Discrepancy
(MMD) loss [21} 130, [11]], which explicitly measures and
reduces the distance between the source and target feature
distributions during training. This loss is calculated by com-
paring the mean embeddings of samples in the two domains
in this space, representing how dissimilar their distributions
are. By minimizing this MMD loss, the model is encour-
aged to learn feature representations that are indistinguish-
able in terms of their distribution.

A drawback of statistical distribution alignment meth-
ods such as MMD is that they rely on the assumption that
the class distribution in the source and target domains are
similar, which cannot always be guaranteed. Differences
in class distributions between source and target domains
are a well-recognized challenge in machine learning [14]
and this issue is particularly pronounced in medical imag-
ing, where healthy samples are far more common than un-
healthy samples [8} 23]]. This asymmetry in class distri-
butions between domains is known as cross-domain class
imbalance [15]]. When the source and target domains have
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Figure 1: Illustration of a one-dimensional domain shift along a single feature axis. Colours denote different domains, while
shapes represent distinct classes. In panel (a), a clear decision boundary remains after distribution alignment. In panel (b),

the decision boundary becomes indistinct due to misalignment.

differing class proportions, distribution alignment methods
may match samples across domains belonging to different
classes, leading to misalignment. Such misalignment could
blur class-specific distinctions and weaken the discrimina-
tive boundaries for classification, thereby degrading perfor-
mance on the target domain (Figure

To address misalignment, class-conditioned domain
alignment can be used [3[], where samples across domains
are aligned based on their labels.

While many studies propose methods such as class-
conditioned domain alignment to mitigate misalignment,
few have empirically examined under which circumstances
misalignment actually poses a problem. We aim to fill this
gap by systematically investigating the impact of misalign-
ment through controlled experiments under different cross-
domain class imbalances and by proposing a different sam-
pling strategy to ensure similar class priors across domains
without upsampling the minority class during training.

Our research question is therefore: How does cross-
domain class imbalance affect the performance of distribu-
tion alignment?

To address this question, we build on the work of Jiang
et al. [16] on Implicit Class Conditioned Domain Align-
ment. In their approach, pseudo-labels are used to estimate
target sample classes during training. These pseudo-labels
are then used to create minibatches that are uniformly dis-
tributed with respect to the label classes, achieving class-
conditioned domain alignment.

Uniform minibatch sampling offers advantages such as
mitigating bias toward the majority class and maintaining
similar class distributions across domains. However, it over-
samples minority classes to create uniformly distributed
minibatches, increasing the risk of overfitting and reduc-
ing model generalization. Instead, we propose an exten-
sion to the method by Jiang et al. [[16] in which we replace
their uniform minibatch sampling with a weighted sampling
strategy. This approach ensures consistent class distribu-
tions across domains by constructing minibatches that fol-
low the source domain’s class distribution, thereby avoiding
the need for oversampling within the source domain.

The effectiveness of pseudo-labeling depends on the ac-
curacy of the generated pseudo-labels. If a classifier gener-
alizes poorly to the target domain, it may assign incorrect la-
bels to target samples, introducing pseudo-label noise. This
noise can accumulate over training as the model reinforces
its own errors. In class-conditioned domain alignment
methods, inaccurate pseudo-labels can still lead to the align-
ment of samples from different classes across domains, re-
ducing class separation in the learned feature space. There-
fore, it is important to evaluate the robustness of the pro-
posed method.

To systematically explore the impact of class imbalance
and the proposed method, we can further divide the main
question into the following three subproblems:

1. How does cross-domain class imbalance affect distri-



bution alignment?

2. How does the choice of sampling strategy influence the
classification performance on the target domain?

3. How does pseudo-label noise influence the reliability
and effectiveness of class-conditioned sampling?

In our experiments we use two clinical datasets of hip os-
teoarthritis (OA): the Cohort Hip & Cohort Knee (CHECK)
and the Osteoarthritis Initiative (OAI). Our study focuses
on binary OA classification using hip X-ray images derived
from these datasets.

CHECK and OAI provide complementary experimen-
tation sets for studying binary hip OA classification un-
der domain shift. Differences in demographic characteris-
tics, imaging protocols, and annotation standards introduce
natural distributional discrepancies between the datasets,
making them well-suited for evaluating domain adaptation
methods in medical imaging. The datasets also exhibit very
different class priors: in CHECK, there is approximately
one diseased case for every two healthy cases, whereas in
OALl, the ratio is roughly one diseased case for every nine
healthy cases.

The remainder of this paper is organized as follows.
In Section [2] we review related work on domain adapta-
tion with a particular emphasis on methods addressing dis-
tribution alignment and class imbalance in medical imag-
ing. Section [3|outlines our proposed methodology for han-
dling cross-domain class imbalance in unsupervised domain
adaptation. Section [4] describes the experimental setup, in-
cluding details of the CHECK and OAI hip datasets and
preprocessing steps. Section [3] presents the empirical re-
sults, followed by a detailed analysis and interpretation in
Section[6] Finally, Section [7]summarizes our findings.

2. Related Work
2.1. Unsupervised Domain Adaptation

Unsupervised Domain Adaptation (UDA) has been stud-
ied through several complementary approaches. While this
work does not directly employ image-to-image translation
or adversarial distribution alignment methods such as Do-
main Adversarial Neural Networks, these approaches pro-
vide important context for understanding the broader UDA
landscape and highlight the complementary role of statisti-
cal distribution alignment techniques, which are most rele-
vant to our setting.

2.1.1 Image-to-Image Translation

Image-to-image translation methods [9, [10] aim to reduce
low-level appearance discrepancies by transforming source
images to match the style of the target domain. A common

approach to match styles of different domains are Genera-
tive Adversarial Networks (GANs). They enable translation
between domains without requiring paired data [[17, |34} [22]].
Through such translations, source-domain images can be
rendered in the target style and vice versa. This way, la-
beled source data can be used while incorporating the ap-
pearance characteristics of the target domain, bridging the
domain gap. This allows one to train a model on source im-
ages rendered in the target style, ensuring that supervision is
maintained while adapting the model to the target distribu-
tion [22]. However, a practical limitation of such methods
is their computational cost, as GAN-based translation mod-
els are often expensive to train and require substantial time
and resources [24]. Another disadvantage is the potential
loss of low-level information. While the goal is to modify
style while preserving semantic content, GAN-based trans-
lations may inadvertently alter clinically relevant features
such as fine bone textures or joint space width. These fea-
tures, though low-level in appearance, can be critical for
diagnostic tasks like osteoarthritis grading.

2.1.2 Domain-Adversarial Neural Networks

Domain-Adversarial Neural Networks (DANN) [7, 2]
aim to learn feature representations that are both task-
discriminative and domain-invariant. Unlike image-to-
image translation methods, DANN operates directly in the
feature space, thereby avoiding the risk of altering low-
level appearance cues that may be critical for diagnosis.
The DANN model architecture comprises a feature extrac-
tor, a domain discriminator, and a task-specific classifier.
The feature extractor is trained to minimize the task loss
on labeled source data while simultaneously maximizing
the domain discriminator’s loss. The domain discrimina-
tor attempts to distinguish whether extracted features orig-
inate from the source or target domain, whereas the fea-
ture extractor learns to confuse it, thereby reducing domain
shift through adversarial training. This is typically imple-
mented using a gradient reversal layer, which inverts gradi-
ents during backpropagation, allowing the feature extractor
to be optimized for both task performance and domain in-
variance. By aligning feature distributions across domains,
DANN enables better generalization to the unlabeled target
domain. However, adversarial training is known to be unsta-
ble [28], often requiring extensive hyperparameter tuning
and careful optimization, which can make DANN computa-
tionally demanding in practice.

2.1.3 Statistical Distribution Alignment Methods

Statistical distribution alignment methods aim to reduce do-
main shift by explicitly minimizing a discrepancy loss be-
tween source and target feature distributions. Several dis-
crepancy measures could be used for this purpose [27, 33]].



A well studied metric is the Maximum Mean Discrep-
ancy loss. In unsupervised domain adaptation, this loss is
frequently employed as a regularization term in the training
objective of neural networks [21} 30, [11]. By minimizing
the discrepancy between the learned feature distributions of
the source and target domains, the model is encouraged to
learn domain-invariant representations. This alignment re-
duces distributional shift, thereby enabling better transfer
of knowledge from labeled source data to unlabeled target
data. The approach is conceptually simple, computationally
fast, and quick to implement. In practice, though, its effec-
tiveness is strongly dependent on the choice of kernel func-
tion, and selecting an appropriate kernel for a given dataset
remains a challenge, as it determines the sensitivity to dis-
crepancies between domains.

2.2. Class-Conditioned Domain Alignment

UDA methods implicitly assume that the source and tar-
get domains share similar label distributions. In practice,
however, this assumption often does not hold. As a re-
sult, distribution alignment may inadvertently match sam-
ples from different classes, leading to suboptimal represen-
tations. A natural solution is to try and enforce alignment
on samples that have the same label, this is called Class-
Conditioned Domain Alignment [3|16]. This domain align-
ment can be guided using pseudolabels to approximate class
information in the target domain.

2.2.1 Explicit and Implicit Class-Conditioned Domain
Alignment

Within class-conditioned domain alignment, a distinction
can be made between explicit and implicit approaches. In
explicit class-conditioned domain alignment, pseudolabels
directly contribute to the optimization objective by training
the model to classify target data using its own predicted la-
bels as supervision which could lead to an accumulation of
errors [S]. They may be used to compute class-wise do-
main discrepancy losses, such as clustering losses [6} 18],
or to reweight samples during training in accordance with
estimated target class priors [32]. Here, the pseudo-labels
actively guide the optimization process.

In contrast, implicit alignment does not use pseudo-
labels in the loss function; instead, they are employed to
guide the sampling process for minibatch creation, indi-
rectly encouraging class-consistent alignment [[16]. In this
approach, pseudo-labels ensure uniformly distributed mini-
batches across domains. This means that features from sam-
ples belonging to the same class across domains are aligned
ensuring class-wise distribution alignment across domains.
Since pseudolabels in implicit class-conditioned domain
alignment do not contribute to the optimization objective di-
rectly, implicit class-conditioned domain alignment suffers

less from error accumulation [[16].

3. Methodology

We begin by describing our overall research design and
problem formulation. We then introduce our proposed
method, which extends the Implicit Class-Conditioned Do-
main Alignment framework with a weighted sampling strat-

egy.
3.1. Problem Formulation

We consider the setting of unsupervised domain adap-
tation for binary classification. Let the source domain be
denoted as D, = {(xf,y7) )=, where #¥ € X are input
samples, y7 € {0,1} are corresponding labels, and N, is
the number of labeled source samples. The target domain
is denoted as D; = {z} };‘/[:tl, consisting of M, unlabeled
samples drawn from a related but distinct distribution. Both
domains share the same label space, but differ in their data
distributions, i.e., Ps(x,y) # Pi(z,y).

The objective of UDA is to learn a classifier fy : X —
{0, 1} that generalizes well to the target domain, despite the
absence of target labels during training. Domain alignment
methods attempt to reduce the discrepancy between source
and target feature representations, under the assumption that
the label distributions across domains are similar.

In practice, however, this assumption often does not
hold. Real-world datasets frequently exhibit cross-domain
class imbalance, where the class priors in the source and
target domains differ. In such cases, distribution alignment
may inadvertently match samples from different classes,
which could potentially lead to degraded performance.

3.2. Maximum Mean Discrepancy

In this work, we employ Maximum Mean Discrepancy,
a widely studied metric for domain adaptation [11]. It com-
pares the average feature representations of the distributions
in a reproducing kernel Hilbert space (RKH, capturing
differences in their overall statistics. This property makes
MMD particularly effective for tasks such as domain adap-
tation, where the goal is to reduce distributional shifts be-
tween source and target domains.

Formally, given two distributions P(z) and Q(y), and a
kernel function &(, -), the squared MMD is defined as:

MMD?(P, Q) = |[Eonp[d(z)] — Eynglé®)llly . (1)

where ¢(-) denotes the feature mapping induced by the ker-
nel into the RKHS .

Intuitively, MMD measures the distance between the
mean embeddings of two distributions in the feature space
defined by the kernel. If the kernel is characteristic, then

! An RKHS is a Hilbert space of functions where inner products can be
evaluated implicitly through a kernel function.



MMD(P, Q) = 0 if and only if P = (), making it a fitting
tool for distribution alignment. In practice, commonly used
kernels such as the Gaussian radial basis function (RBFP)
allow MMD to capture discrepancies at multiple levels of
granularity.

To compute the MMD loss in our experiments, input im-
ages are first passed through a feature extractor network
to obtain embeddings from both the source and target do-
mains. The MMD loss is then calculated on these embed-
dings at the batch level and combined with the classification
loss to form the overall training objective. Both losses are
weighted, with the MMD term scaled by a factor A, (see
[2). By minimizing this loss during training, the feature ex-
tractor is encouraged to produce representations in which
source and target distributions are closely aligned, thereby
facilitating knowledge transfer across domains.

Loss(P, Q) = Classificationloss(P) +\ * MM D(P, Q),
2)

3.3. Implicit Class-Conditioned Domain Alignment
Method

In this paper we build upon the Implicit Class Condi-
tioned Domain Alignment (ICCDA) method by Jiang et
al. [16]. It performs class-conditioned domain alignment at
the minibatch level through a sampling strategy. The train-
ing procedure can be summarized as follows. Given a la-
beled source dataset Dy = {(zf,7¢)} Y, and an unlabeled
target dataset Dy = {} };w:"l, the goal is to align source and
target feature representations while preserving discrimina-
tive structure across classes.

At each training epoch, pseudolabels are first predicted
for the target samples using the current state of the clas-
sifier fo. A minibatch is then constructed by sampling a
fixed number of classes from the label space according to
a predefined distribution p(y). Jiang et al. use a uniform
distribution. For each selected class, K samples are drawn
from both the source and target domains, conditioned on the
class label in the source and on the pseudolabel in the tar-
get. This results in a class-balanced minibatch containing
matched examples from both domains.

The constructed minibatch is then used to perform do-
main adaptation training, where alignment losses are ap-
plied jointly with the classification loss on labeled source
data.

A uniform sampler in ICCDA has certain limitations:
to generate evenly balanced minibatches, it is necessary to
oversample the minority class. Oversampling the minor-
ity class artificially increases its weight in the source train-
ing set by replicating samples. In mathematical terms, this

>The Gaussian RBF kernel maps samples into a potentially infinite-
dimensional space where similarity is measured in terms of distance.

forces
p(y) — Uniform(Y), 3)

which diverges from both the true pg(y) and realistic pr(y).
This risks overfitting, as the model repeatedly trains on a
small set of minority samples.

3.3.1 Proposed Minibatch Sampling Based on Source
Domain Priors

Instead of using a uniform sampling distribution p(y) as in
ICCDA, we propose a minibatch sampler that constructs
minibatches according to the class priors observed in the
source domain. Formally, if the source class prior is ps(y),
then the probability of sampling a target-domain sample of
class y is defined as

Pr (yr =vy) = ps(y). 4

This ensures that the sampling distribution of the target do-
main matches the source class prior, allowing the adapta-
tion process to proceed under the theoretical assumption
that class priors across domains are similar [32].

A key distinction between our sampling strategy and IC-
CDA’s uniform sampling method is that it restricts oversam-
pling to the target domain. This is important because the
classification loss is computed on the labeled source data,
and oversampling source classes would make the model
more prone to overfitting.

3.3.2 Proposed Weighted Random Sampling Method

Instead of sampling minibatches directly, we could employ
a weighted random sampler that assigns sampling proba-
bilities to target-domain examples so that, in expectation,
the class distribution of the sampled target data aligns with
the class priors observed in the source domain. In theory,
this approach should achieve the same effect as constructing
minibatches directly according to source priors and it also
does not require us to oversample the source domain. How-
ever, unlike the minibatch-based strategy, weighted random
sampling does not guarantee that every minibatch contains
samples from all classes. As a result, individual mini-
batches may occasionally consist of examples from a sin-
gle class, which can introduce variability in the alignment
process.

To implement the weighted random sampling strategy,
we first estimate the class proportions in both the source and
target domains. Let ps(y) and pr(y) denote the empirical
class priors in the source and target datasets, respectively.
These are computed as the fraction of samples belonging to
each class in the corresponding domain.



Next, a reweighting factor for each class is computed as
the ratio of the source prior to the target prior:

ps(y)

pr(y) +¢€ ®)

w(y) =
where € is a small constant to prevent division by zero. This
factor ensures that underrepresented classes in the target do-
main are sampled more frequently, while overrepresented
classes are sampled less frequently, aligning the target sam-
pling distribution with the source class priors.

Finally, each target sample is assigned a weight corre-
sponding to the reweighting factor of its pseudolabel. These
sample-level weights are then used by a weighted random
sampler to construct minibatches for domain-adaptive train-
ing, ensuring that the class distribution in each minibatch
reflects the source priors while avoiding oversampling of
the source dataset.

3.4. Overview of the Proposed Method

Our approach extends the Implicit Class-Conditioned
Domain Alignment framework [16] with a weighted mini-
batch sampling strategy instead of the uniform sampling
method. Unlike the uniform sampling in ICCDA, our meth-
ods weigh target samples according to source class priors,
avoiding oversampling of the source domain while align-
ing class distributions across domains. This approach di-
rectly enforces distribution alignment’s assumption of sim-
ilar class distributions across domains without the need to
upsample the source domain. The implementation of this
method can be found in our GitHub repository ﬂ

4. Experiments
4.1. Hypothesis

From the problem formulation in section we derive
the following hypotheses for our study:

1. Severe class imbalance across domains adversely af-
fects distribution alignment performance, limiting the
benefits of MMD.

2. Incorporating MMD with a weighted sampling strat-
egy under severe cross-domain class imbalance im-
proves generalization to the target domain over MMD
with random sampling.

3. Implicit Class-conditioned domain alignment is robust
to pseudolabel noise.

Together, these hypotheses allow us to examine the inter-
action between distribution alignment, cross-domain class
imbalance, and pseudolabel robustness in the context of bi-
nary hip osteoarthritis classification.

3https://github.com/LuuJustin/MScThesis

4.2. Model

We adopt the ResNet-18 architecture as our baseline
backbone. In our setup, we remove the final fully connected
classification layer of the network and instead use the fea-
ture representation (a 512-dimensional vector after global
average pooling) as our feature embedding. This transforms
the network into a feature extractor that provides represen-
tations to calculate the MMD between source and target do-
main for adaptation.

On top of the feature extractor, we attach a lightweight
linear classifier tailored to our binary classification setting.
This classifier is a single fully connected layer of dimen-
sions 512 , which maps the feature vector to a scalar logit.
We use the BCEWithLogitsLoss function during train-
ing. This loss function combines a sigmoid activation with
the binary cross-entropy loss in a numerically stable formu-
lation, which is why we chose it for our binary classification
tasks.

4.3. Data

We use the CHECK and Osteoarthritis Initiative (OAI)
hip datasets in this research. Both datasets contain anno-
tated hip X-ray images collected from different clinical cen-
ters.

The CHECK study is a population-based, observational,
multicenter cohort established in the Netherlands, consist-
ing of 1002 individuals with early symptomatic OA of the
hip [31]]. Participants are from general practices and hos-
pitals across ten centers, ensuring a diverse sampling of
patients in the early stages of disease. The study was de-
signed to investigate the natural course and progression
of OA, with extensive follow-up including clinical assess-
ments, imaging, and patient-reported outcomes. The hip X-
ray data from CHECK provide valuable insight into early
disease manifestation.

OALI is a large-scale, multi-center, longitudinal study
sponsored by the U.S. National Institutes of Health [1]]. It
followed roughly 4800 men and women over a ten-year pe-
riod, collecting clinical, and imaging data with a focus on
risk factors and progression of hip OA. The imaging com-
ponent includes a rich set of radiographs, systematically
graded for OA severity by expert readers.

These datasets differ in imaging protocols, scanner
types, population demographics, and disease severity dis-
tributions, making them well-suited for examining domain
shifts in medical imaging. Furthermore, both datasets ex-
hibit class imbalance typical of OA studies, where the
prevalence of healthy subjects outweighs severe cases. This
combination of inter-domain variability and cross-domain
class imbalance makes the CHECK-OAI pair a valuable
testing environment for researching cross-domain class im-
balance and domain adaptation strategies.



Figure 2: Hip from the CHECK dataset. Figure 3: Hip from the CHECK dataset Figure 4: Hip from the CHECK dataset
after applying a gamma correction on it.  after applying a pixel inversion transfor-

(y=0.65)

4.4. Preprocessing

To focus on the relevant anatomical region, all DICOM
images from the CHECK and OAI datasets were cropped to
224x224 pixels around the femoral head. Anatomical land-
marks were obtained using BoneFinder [19], a model-based
tool for detecting bone structures in radiographic images.

For each hip joint, BoneFinder provides a set of land-
mark coordinates delineating key points on the femoral
head. We used these landmarks to calculate the geomet-
ric center of the femoral head. A square region of 224x224
pixels centered at this point was then extracted from each
image. This approach ensures consistent localization of the
region of interest across all samples while minimizing irrel-
evant background information.

Prior to input into the Resnet-18 model, each grayscale
image was normalized to have zero mean and unit variance
and then duplicated across three channels to satisfy the net-
work’s input requirements. KL grades were binarized such
that grades 0—1 were labeled as “non-OA” and grades 2—4
as “OA.” Images corresponding to hip replacements (KL
grade 5) or with missing labels were excluded. Left hip ra-
diographs were horizontally flipped to match the orientation
of right hips. Minimal data augmentation was applied in the
form of random rotations of up to £10° to improve model
robustness.

To prevent data leakage, all splits were performed at the
patient level, ensuring that radiographs from the same in-
dividual were assigned to the same subset. Patients were
randomly shuffled and allocated into training, validation,
and test sets in an 80/10/10 ratio. These patient-level splits
were consistently applied across all experiments, allowing
for direct comparison between different sampling strategies,
including MMD + random sampler, MMD + uniform mini-
batch sampler, MMD + weighted minibatch sampler, and
MMD + weighted random sampler.

The resulting datasets were balanced as such: the OAI
dataset comprised 90% non-OA and 10% OA samples,

mation on it.

whereas CHECK contained 68% non-OA and 32% OA.

4.5. Synthetic Datasets

The domain shift between the OAI and CHECK datasets
arises not only from differences in scanner protocols, but
also from variations in demographic and clinical character-
istics. To enable controlled experiments, we have chosen to
utilise the CHECK dataset to create our synthetic dataset,
since it contains a higher number of OA images compared
to OAI This allows us to systematically manipulate class
distributions and create cross-domain imbalances for our
study.

To isolate the effect of domain shift, we construct syn-
thetic datasets in which the shift is introduced in a con-
trolled manner via gamma correction or pixel inversion of
image intensities.

4.5.1 Synthetic Dataset using Gamma Correction

Gamma correction applies a non-linear remapping of pixel
intensities, altering global image appearance while preserv-
ing structural integrity. Given an input image I with pixel
values normalized to [0, 1], gamma correction is applied as:

I'=1, (6)

where v > 0 controls the degree of intensity transformation.
We use Gamma correction to reflect real-world variabil-
ity in image acquisition. For example, the same patient im-
aged on different machines may produce identical anatomi-
cal structures with differing grayscale distributions. By in-
troducing a controlled domain shift without removing criti-
cal features, gamma correction provides a meaningful syn-
thetic scenario for evaluating domain adaptation methods.
To confirm that gamma correction induces a domain
gap, we trained models independently on the original and
gamma corrected datasets and evaluated them via cross-
domain testing. The observed performance drop in the



Figure 5: Domain shift when applying pixel inversion.

cross-domain setting indicates that gamma correction in-
troduces a pronounced covariate shift, making it a suitable
choice for constructing synthetic domains in controlled ex-
periments. The selected gamma value (0.65) was derived by
testing multiple values deviating from 1.0 in increments of
0.2. Experiments on how we found this value can be found
in the appendix. In this paper we will refer to the synthetic
gamma-corrected CHECK dataset as the CHECK Gamma
dataset.

4.5.2 Synthetic Dataset using Pixel Inversion

To create a more complex domain shift, we constructed a
synthetic target dataset by inverting the grayscale values of
the radiographs. This operation preserves the underlying
anatomical structures but drastically changes the visual ap-
pearance, producing a domain that is the visual inverse of
the source. From the model’s perspective, this represents a
severe domain shift: the intensity distribution is completely
reversed while spatial structures remain intact (Figure [5).
Although pixel inversion is not a clinically realistic trans-
formation, it serves as a stress test for domain adaptation
methods. By maximizing differences in global pixel statis-
tics, this transformation forces the model to rely primarily
on structural features rather than intensity patterns. This
experiment was designed to explore whether combining
MMD with implicit class-conditioned sampling offers any
advantage over MMD alone under extreme distributional
shifts, as prior observations by us showed little difference.

4.6. Experimental Setup: Cross-Domain Class Im-
balance Scenarios

To investigate how class imbalance influences do-
main adaptation performance across domains, we evalu-
ate the four model configurations using the following six
source—target configurations:

1. Balanced source — Balanced target: Both domains
have a 50/50 class distribution.

2. Balanced source — Unbalanced target: Source is bal-
anced; target is skewed.

3. Balanced source — Inversely unbalanced target:
Source has a 50/50 split; target has the inverse skew
(30/70), creating a strong mismatch in class priors.

4. Unbalanced source — Unbalanced target: Both do-
mains share the same 70/30 class distribution.

5. Unbalanced source — Balanced target: Source is
skewed; target is balanced.

6. Unbalanced source — Inversely unbalanced target:
Source follows a 70/30 distribution, while the target
has the inverse 30/70 split, representing the strongest
mismatch condition.

To ensure a fair comparison across experimental scenar-
i0s, we maintain consistent training set size while vary-
ing the class proportions to investigate the effect of cross-
domain class imbalance. The total number of training
samples is fixed at 1,936, corresponding to the available
OA cases (70% of 1,936). To maintain this total, healthy
cases are undersampled rather than oversampling OA cases,
avoiding duplicated samples that could lead to overfitting.
Within this setup, class proportions are systematically var-
ied while keeping the overall sample size constant, allowing
us to isolate the effect of label imbalance without confound-
ing effects from dataset size.

These settings allows us to understand how misaligned
class priors interact with feature misalignment. In partic-
ular, the extremely imbalanced condition #6 is expected to
highlight the failure mode of distribution alignment.



It is worth noting that we will not be creating artificial
scenarios where the source has a 30/70 class distribution of
non-OA vs. OA. In such cases, the limiting factor is pri-
marily class discrimination rather than domain alignment,
because the source data would not be representable of the
true underlying class distribution in the population used for
testing.

For the class conditioned samplers using pseudolabels
we do not rely on model-generated predictions in the ex-
periments. Instead, we use the ground-truth labels for the
experiments, representing a best-case scenario for evaluat-
ing the sampling methods.

4.7. Real-World Dataset Experiments

The cross-domain configurations used in the synthetic
experiments cannot be directly replicated for the real-world
datasets. In the controlled setting, training set sizes could
be adjusted to create different class balances. However, this
approach is not feasible for cross-domain experiments be-
tween OAI and CHECK. The OAI dataset contains rela-
tively too few positive samples, and performance degrades
substantially when additional training data are removed in
order to enforce a particular balance, as observed during the
research.

To address this limitation, we instead conduct experi-
ments using the full datasets in both directions: models
are trained on CHECK and evaluated on OAI, and con-
versely trained on OAI and evaluated on CHECK. This
setup enables a meaningful comparison of MMD-based do-
main adaptation with the proposed sampling methods un-
der realistic data constraints, because the CHECK and OAI
datasets already suffer from cross-domain class imbalance.

4.8. Model Configurations

To evaluate the impact of class-conditioned sampling
and different sampling strategies on domain adaptation per-
formance, we consider six model configurations, including
two baselines:

1. Source-only baseline: trained on the source domain
and directly tested on the target domain without any
domain adaptation. This provides a reference for the
performance drop due to domain shift.

2. Target-only baseline: trained and tested on the target
domain using labels, representing a theoretical upper
bound for achievable performance.

3. Baseline MMD: standard Maximum Mean Discrep-
ancy with random sampling.

4. MMD + uniform minibatch sampling: standard MMD
with enforced class-balanced minibatches.

5. MMD + source-weighted minibatch sampling (pro-
posed): standard MMD with minibatches sampled to
match the source-domain class distribution.

6. MMD + source-based weighted random sampling
(proposed): our method, which constructs target-
domain minibatches to approximately match the
source-domain label distribution without artificially
oversampling.

This set of configurations allows us to isolate the effects
of domain shift, class imbalance, and sampling strategies,
while providing clear references for both the unadapted
source model and the ideal target-trained upper bound.
Each experimental configuration is repeated five times with
different random seeds to reduce variance due to data parti-
tioning. Results are reported in terms of mean performance
and standard deviation across repetitions.

4.9. Pseudolabel Robustness

To evaluate the robustness of our method to noisy super-
vision, we conducted experiments in which a fraction of the
ground-truth labels was deliberately corrupted. We select
noise thresholds of 10% to 100% with increments of 10 and
randomly flip the corresponding proportion of labels in the
training set. The flip follows a weighted coin toss, where the
probability of selecting a class is determined by the target
domain’s class priors. This controlled design simulates the
presence of inaccurate pseudolabels, as often encountered
during training, and allows us to assess the sensitivity of the
proposed method to pseudolabel quality.

To assess the reliability of the pseudolabels generated
by our model, we also computed calibration curves. These
curves illustrate the relationship between the model’s pre-
dicted confidence and its actual accuracy, providing insight
into how well the model’s probability estimates reflect true
correctness. If the model is poorly calibrated, overly con-
fident yet incorrect predictions can introduce noise into the
adaptation process. By analyzing calibration, we can there-
fore evaluate the trustworthiness of the pseudolabels and
determine whether certain sampling or alignment strategies
improve model confidence estimation.

4.10. Evaluation Protocol

4.10.1 AUC Metric

Evaluation of the proposed models is performed using the
Area Under the Receiver Operating Characteristic Curve
(AUROQ). It measures the probability that a randomly cho-
sen positive sample (e.i., a hip image with osteoarthritis)
is ranked higher than a randomly chosen negative sample
(healthy or low-grade OA). AUROC is especially useful for
binary classification tasks with imbalanced datasets, as it
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Figure 6: AUC scores of a trained model after distribution alignment with MMD combined with different sampling methods
trained on the CHECK dataset and tested on the Gamma CHECK dataset under varying class balance conditions. The
theoretical upper bound of the classifier is represented by the orange line and the theoretical lower bound of the classifier is

represented by the blue line.

provides a threshold-independent assessment of model per-
formance. In this study, AUROC is reported for each evalu-
ation to quantify how well the model generalizes.

4.10.2 UMAP

Uniform Manifold Approximation and Projection (UMAP)
is a dimensionality reduction technique that projects high-
dimensional data into a lower-dimensional space, while pre-
serving both local and global structure of the data. UMAP
allows us to qualitatively assess how features from the
source and target domains are distributed in the embedding
space. By visualizing these embeddings, we can inspect
whether samples from the same class cluster together and
whether the source and target domains are well-aligned.

In our experiments, UMAP embeddings provide an intu-
itive visualization of how effectively the proposed sampling
and feature alignment strategies bring source and target fea-
tures closer together at the class level.
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4.10.3 Grad-CAM

To gain insight into model decision-making, we apply
Gradient-weighted Class Activation Mapping (Grad-CAM)
[26]. Grad-CAM generates a heatmap by combining the
gradients of the output with the feature maps of the fi-
nal convolutional layer, highlighting regions that contribute
most strongly to the prediction.

We generated Grad-CAM visualizations for both the
baseline model that is trained solely on the source domain
and the domain-adapted model. The resulting activation
maps are superimposed on the original grayscale X-rays us-
ing a jet colormap, where regions highlighted in red indicate
areas of greater importance to the model’s classification de-
cision.

5. Results

In this section, we present the results of our experiments
designed to investigate the impact of cross-domain class



imbalance on domain alignment. Specifically, we aimed
to determine whether cross-domain class imbalance poses
a problem for domain alignment methods, under which
conditions it affects performance, and how it can be tack-
led. We first start by determining whether there actually
is a domain gap between our CHECK dataset and CHECK
Gamma dataset.

5.1. CHECK Gamma Dataset Domain Adaptation
Results

We observe a domain shift between the CHECK and
CHECK Gamma dataset by the performance gap between
the source-only and target-only baselines (The orange and
blue lines in Figure [6). The experiments from Section [4.6|
show that incorporating distribution alignment with any
sampling strategy into the model improves generalization
to the target dataset. This means that distribution alignment
was successful in extracting domain invariant features and
that it could transfer its domain knowledge from the labeled
source domain to the unlabeled target domain.

When comparing distribution alignment methods em-
ploying different sampling strategies, we observe that the
classification performance achieved using more complex
sampling approaches is comparable to that obtained with
simple random sampling. Even when the target dataset
has an extremely skewed 30/70 class balance in the tar-
get domain (Figure[6) the performance differences were not
demonstrable.

We observe that models trained on a balanced source
distribution achieve higher target-domain performance than
those trained on an imbalanced source. This outcome sup-
ports the idea that balanced data mitigates overfitting to the
dominant class and promotes the learning of more gener-
alizable, class-invariant representations, while simultane-
ously also guaranteeing distribution alignment’s assump-
tion that class priors across domains are similar. Although
uniform sampling enforces an artificial balance between
classes, it may help reduce biases toward the majority class
and encourage more equal feature learning across classes.

We found out that the direction of domain adaptation is
important, because the performance gains depend on which
dataset is used as the source and which as the target. Specif-
ically, we see a larger improvement in classification per-
formance when adapting from CHECK to CHECK Gamma
than when adapting from CHECK Gamma to CHECK (Ap-
pendix A. Figure [T). This difference may arise from the
fact that CHECK Gamma images exhibit higher overall in-
tensity than CHECK images, and the ResNet-18 model,
pre-trained on ImageNet, appears to adapt more readily to
darker image domains than to brighter ones. Consequently,
domain adaptation is not symmetric—the direction of trans-
fer influences how well the model aligns feature distribu-
tions and generalizes across domains. The smaller gain ob-
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Figure 7: The AUC scores of the upperbound and lower-
bound are still similar to the ones from CHECK Gamma.
However, the performance gains after distribution align-
ment are still far from the upperbound (orange line) com-
pared to CHECK Gamma.

served when adapting from CHECK Gamma to CHECK
further suggests that the distribution shift in this direc-
tion is less pronounced, reducing the potential benefit of
alignment-based methods such as MMD.

5.2. Pixel-Inverted Synthetic Dataset Domain
Adaptation Results

Since the model after distribution alignment showed no
sensitivity to cross-domain class imbalance on the CHECK
Gamma dataset, we take a look at a more challenging syn-
thetic dataset to further evaluate its robustness. In this
dataset, we applied pixel inversion to the target images to
induce a more substantial appearance-based domain shift.
Under this more complex setting, the model exhibits diffi-
culties in adapting to the target domain, even after apply-
ing distribution alignment. Across most scenarios, the dif-
ferent model configurations all achieve comparable perfor-
mance. The results indicate that pixel inversion introduces
a more challenging domain shift than gamma correction,
as reflected by the larger gap between the source-only and
target-only baselines and the smaller improvement over the
baseline when implementing domain adaptation. To aid in-
terpretation, we report only the highly imbalanced scenario
where the source has a balance of 70/30 and the target has
a balance of 30/70, as this shows performance differences
(Figure[/) between feature aligment with the different sam-
pling methods.

Our proposed weighted random sampling and weighted
minibatch sampling strategies, along with the uniform mini-
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(b) Weighted random sampler tested on different pseudolabel
noise thresholds

batch sampling strategy, show improvements over standard
MMD under conditions of both extreme class imbalance
and severe domain shift. Among these, the uniform sam-
pling strategy improves over random sampling the most.
Although the gains are minimal, they indicate that the
proposed methods can contribute to improving adaptation
when both severe class imbalance and complex domain shift
are present.

5.3. Pseudolabel Robustness Results

The results of the pseudolabel noise experiments indicate
that the model demonstrates a high degree of robustness to
random label noise (Figure [8b). Its performance remains
relatively stable across all evaluated thresholds, suggesting
that the method does not strongly depend on perfect label
accuracy when incorporating pseudolabels. This stability is
important in practice, as pseudolabels are inherently noisy
in real-world applications, and the ability to tolerate such
noise reflects the reliability of the proposed approach.

The calibration curves of the pseudolabels in our pro-
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posed methods (Figure [8) indicate that the models suffer
from poor calibration. In both the weighted minibatch sam-
pler and the weighted random sampler settings, the pre-
dicted confidence levels are consistently much higher than
the observed accuracy, which indicates that the model is
overconfident in its predictions. This mismatch suggests
that although the models are able to assign high confidence
to their predictions, these probabilities do not reflect the true
likelihood of correctness.

When comparing the two sampling strategies, the
weighted minibatch sampler demonstrates comparatively
better calibration than the weighted random sampler, but
still far from ideal. This relative improvement may stem
from the minibatch sampling approach always having both
of the classes per batch, which could lead to less ex-
treme shifts in confidence scores. The persistence of
overconfidence across both methods highlights the inher-
ent difficulty of maintaining calibrated probabilities under
class-imbalanced and domain-shifted conditions, particu-
larly when pseudolabels are used.
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(b) Calibration curve of the
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Figure 8: Calibration curves for weighted samplers across

domain configurations.
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Figure 9: Comparison of sampling methods trained on
CHECK and deployed on OAL

5.4. Real World OAI and CHECK Results

There is a substantial domain shift between OAI and
CHECK, one that is larger than the shifts introduced in the
synthetic datasets, making this a more complex adaptation
problem (Figures[9]and [I0). Across model configurations,
the results show that generalization to the target domain im-
proves when MMD is applied as a distribution alignment
method, this is consistent with our findings on the synthetic
datasets. Even after domain adaptation the model perfor-
mance remains well below the target-only baseline, which
represents the upper bound. Using MMD + uniform mini-
batch sampler yields a little improvement over using MMD
+ random sampler. Our proposed sampling method pro-
vides a modest improvement over standard MMD provided
with the truth labels, in practice with pseudolabels from the
classifier the performance is comparable to that of MMD
+ random sampler, which could be attributed to the badly
performing pseudolabeler.

The domain gap from OAI to CHECK is relatively small
compared to the other direction. When training on OAI and
deploying on CHECK, we observe no improvement in per-
formance from domain adaptation and in practice we even
see a hard decrease in performance. A similar pattern was
observed in our experiments with the CHECK Gamma and
CHECK datasets, suggesting that domain adaptation may
be less effective when the baseline model already general-
izes well. It is possible that the remaining minor differences
between the datasets cannot be fully addressed by standard
domain adaptation techniques alone. Additionally it can
also mean that the CHECK dataset contains more diverse
samples, therefore making the model better at generalizing
to other domains.
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Figure 10: Comparison of sampling methods trained on
OALI and deployed on CHECK.




KL grade: 4.0, Base Source Model KL grade: 4.0, Adapted Model

(a) Heatmap visualization of model prior to distribution alignment. Image is
taken from the CHECK dataset.

KL grade: 4.0, Adapted Model

KL grade: 4.0, Base Source Model

(b) Heatmap visualization of model prior to distribution alignment. Same
image as the one above but from the CHECK Gamma dataset.

5.5. Grad-CAM Results

To gain insight into model decision-making, we applied
Grad-CAM to a sample from the CHECK dataset (Fig-
ure [TTa). The visualization shows that both the baseline
and the adapted models primarily focus on the femoral head
when making classifications. We speculate that the baseline
model without distribution alignment attends to the femoral
head on source-domain data, but its focus may become less
interpretable when applied to gamma-corrected target data.
Following domain adaptation, we expect the model to pre-
serve attention on the femoral head across both source and
target domains.

The same sample, after applying a gamma correction, is
shown in Figure @ In this case, the baseline model ex-
hibits diffuse and poorly localized attention, whereas the
model trained with distribution alignment continues to con-
centrate on the femoral head. This indicates that feature
alignment enables the adapted model to maintain relevant
focus in the target domain, suggesting that feature align-
ment facilitates the transfer of discriminative features to the
target domain.

5.6. UMAP Results

Prior to adaptation, the embeddings reveal a clear sepa-
ration between the CHECK and CHECK Gamma domains
(Figure [ITa), reflecting the divergence introduced by the
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gamma correction transformation. After applying MMD,
the target samples align more closely with the source distri-
bution, resulting in better overlap between domains. Both
domains now overlap (Figures[I1b}[TIc| [TId|and[TTe). This
visualization provides an intuitive confirmation that MMD
facilitates the learning of domain-invariant features.
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(a) UMAP visualisation of the CHECK and
CHECK Gamma datasets of a model trained on
CHECK without distribution alignment.
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(d) UMAP visualisation of the CHECK and
CHECK Gamma datasets of a model trained
on CHECK with distribution alignment using

weighted minibatch sampling.
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(b) UMAP visualisation of the CHECK and
CHECK Gamma datasets of a model trained on
CHECK with distribution alignment using ran-
dom sampling.
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(¢) UMAP visualisation of the CHECK and
CHECK Gamma datasets of a model trained on
CHECK with distribution alignment using uni-
form minibatch sampling.
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(e) UMAP visualisation of the CHECK and
CHECK Gamma datasets of a model trained
on CHECK with distribution alignment using
weighted random sampling.

Figure 11: UMAP visualizations of model embeddings without distribution alignment and with distribution alignment using

different sampling strategies.
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6. Discussion
6.1. Cross-Domain Class Imbalance

In our experiments we found that the impact of cross-
domain class imbalance starts to become noticable under
complex domain shift. Because the images in the dataset
itself are unchanged and only the transformation to the
dataset images differs, we think that distribution alignment
is harder under the pixel inversion domain shift compared
to the gamma correction domain shift.

We observe that the effect of cross-domain imbalance is
limited under a simple domain shift such as the Gamma
corrected dataset. Even in the most challenging scenario,
where the source domain is heavily skewed and the tar-
get domain exhibits the inverse class imbalance, MMD
demonstrates performance comparable to those obtained
with sampling-based strategies, suggesting that MMD is
relatively robust to shifts in class priors and is not substan-
tially affected by cross-domain imbalance when the domain
shift is simple.

Our proposed sampling strategy improves performance
relative to random sampling (Figure [7), though the gains
are small. MMD with random sampling still provides gains
over the source-only baseline, confirming that aligning fea-
ture distributions between source and target domains can
mitigate the effects of domain shift to some extent. These
results suggest that more complex sampling mechanisms
can help the model better preserve class relationships across
domains and reduce sensitivity to cross-domain class imbal-
ance.

The observed performance differences between the
adaptation strategies MMD with random sampling, MMD
with a uniform minibatch sampler, MMD with a weighted
minibatch sampler, and MMD with a weighted random
sampler cannot be fully explained by misalignment caused
by cross-domain class imbalance. While the uniform and
weighted sampling strategies are specifically designed to
mitigate cross-domain class imbalance, no consistent sig-
nificant improvement was observed across configurations in
the CHECK Gamma dataset experiments. We identify two
factors that may contribute to this:

1. Limited complexity of the domain shift. The syn-
thetic gamma correction introduces smooth, global in-
tensity changes that neural networks can often com-
pensate for with relative ease. Compared to more com-
plex shifts, such as scanner artifacts or textural differ-
ences, this transformation may not sufficiently chal-
lenge adaptation methods. As a result, advanced sam-
pling strategies could provide limited observable gains
in this setting.

2. Ambiguity in class boundaries. The distinction be-
tween osteoarthritis (OA) and healthy cases is not
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entirely objective. In this study, we grouped Kell-
gren—Lawrence (KL) grades 0-1 as “non-OA” and
grades 2—4 as “OA.” However, the boundary between
KL=1 and KL=2 is subtle and may not be reliably iden-
tified on radiographs [25]. Consequently, the effective
decision boundary between classes is unclear, and mis-
classifications may be driven as much by label uncer-
tainty as by domain adaptation challenges. This limits
the observable impact of class imbalance, as sampling
strategies must contend with label uncertainty when
constructing minibatches.

A possible explanation for the improvements often re-
ported in the literature for class-conditioned domain align-
ment methods may relate to the nature of the tasks and
datasets typically used in those studies. Most existing
works evaluate their methods on multi-class classification
problems, such as object recognition across visual domains
(e.g., Office-Home, VisDA, or DomainNet). In such set-
tings, the class differences are typically large and visu-
ally distinct e.g. distinguishing between categories such
as “mouse”, “keyboard”, and “monitor”. Consequently, the
decision boundaries between classes are well-defined, and
any misalignment between source and target features across
classes could have more negative impact on performance
[4]. Aligning features in a class-conditional manner there-
fore mitigates this issue and results in a more prominent
performance gain.

In contrast, binary osteoarthritis classification presents a
more subtle and complex scenario. The classes represent
different degrees of joint degeneration rather than distinct
object categories. This means that the underlying visual
features exist along a continuous spectrum from healthy to
non-healthy. As a result, the distinction between classes is
less discrete, and a certain degree of feature overlap is ex-
pected. In such cases, misalignment between classes could
have a less pronounced effect on model performance, since
the boundary between classes is inherently ambiguous.

Therefore, while class-conditioned domain adaptation
can be effective in some contexts, its success could depend
on the nature of the task and the underlying domain char-
acteristics. Our results suggest that its benefits are not gen-
erally guaranteed, as its effectiveness may diminish when
domain differences are subtle or when class boundaries are
less distinct. Rather than assuming it will generalize univer-
sally, we should apply it with considerations of the specific
task and data.

6.2. Sampling Strategy

Incorporating MMD consistently improves model gen-
eralization to the target domain across all experiments.
We have observed that random sampling may occasionally
yield minibatches dominated by a single class purely by
chance, whereas structured samplers guarantee that sam-



ples from both classes are represented in each minibatch.
While more complex sampling strategies do not always pro-
duce substantial performance gains over random sampling,
they can offer benefits by ensuring greater class diversity
within minibatches during domain alignment. A more bal-
anced composition of minibatches can promote more stable
and effective feature alignment. Similar observations have
been reported by Jiang et al. [16], who found that their uni-
form minibatch sampling approach performed better when
a larger number of different classes were included in each
minibatch.

6.3. Pseudolabel Noise

We hypothesized that class-conditioned sampling could
improve domain alignment by minimizing the negative im-
pact of pseudolabel noise, it should help the model remain
robust even when some pseudolabels are incorrect.

However, when we introduced random noise into the
pseudolabels, we detected minimal variation in model per-
formance. This observation highlights an important nuance:
the insensitivity to pseudolabel noise does not necessarily
demonstrate resilience of the method, but may instead re-
flect that the sampler plays only a marginal role in influenc-
ing alignment outcomes in our experiments. This is also
reflected in our results, where the improvement between
the random sampler and other sampling strategies are min-
imal. Similar considerations have been discussed by Jiang
et al. [16]], though their setting revealed clearer benefits of
class-conditioned sampling than we observe here. In our
case, the minimal performance difference suggests that the
method can tolerate some level of pseudolabel noise, largely
because the sampling strategy itself contributes only mod-
estly to overall alignment performance.

In the synthetic pixel inverted dataset our proposed sam-
pling methods already had minimal improvement over the
random sampling method. This means that with perfect la-
beling, we could improve current domain adaptation meth-
ods by implementing class conditioned domain alignment.

However, throughout our experiments, the proposed
sampling strategy did not yield any improvements in prac-
tice. This indicates that class-conditioned domain align-
ment contributes little to overall performance gains in prac-
tice.

6.4. Feature Visualization

UMAP and Grad-CAM provide an intuitive illustration
to see if domain adaptation has worked. Ideally, UMAP
would not only show alignment between domains but also
reveal a distinct separation of classes within the shared rep-
resentation space. This would mean that our model would
have achieved both domain invariance and class discrim-
inability. However, in our case, the embeddings primar-
ily highlight the former: while the domains appear to be
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well aligned, the class boundaries remain less clearly de-
fined. However, the lack of separation between the classes
in the 2D embedding space does not necessarily imply that
the model fails to capture class-discriminative features. It
is also possible that the relevant decision boundary exists
in a higher-dimensional feature space that cannot be fully
represented in a two-dimensional projection.

6.5. Limitations

Several factors limit the generalizability of our research.
First, the problem was formulated as a binary classification
task, distinguishing only between healthy and osteoarthritic
cases. While this simplifies the learning problem, it does
not capture the full spectrum of disease severity present in
osteoarthritis, potentially overlooking subtle variations that
could influence domain alignment behavior.

Second, osteoarthritis classification is inherently chal-
lenging due to the gradual and heterogeneous nature of dis-
ease progression and subtle radiographic features. As a
result, the complexity of the task may obscure the effects
of distribution alignment and sampling strategies. Using a
dataset with clearer class separation or more pronounced
visual differences between classes might produce more dis-
tinct results and make the impact of cross-domain class im-
balance easier to observe.

Third, our datasets are relatively small, which constrains
the experimental configurations we can evaluate. To con-
duct controlled experiments, we had to undersample por-
tions of the data, which can negatively affect model perfor-
mance. Limited data also restricts the diversity of examples
available for training, potentially limiting the effectiveness
of both MMD-based adaptation and the proposed sampling
strategies.

The combination of small dataset size, binary class struc-
ture and a gradual classification problem may collectively
restrict the performance gains achievable through both do-
main adaptation and more complex sampling strategies.

6.6. Future Works

Future work could aim to design experiments that expose
the conditions under which domain adaptation methods be-
gin to reach their limit, such as highly cross-domain imbal-
anced settings or more complex but still clinically realistic
distribution shifts. Stress-testing in these regimes would al-
low clearer demonstrations of when and why domain adap-
tation with sampling strategies are necessary, and when sim-
ple baselines may suffice.

7. Conclusion

In this study, we extensively showed through controlled
experiments that cross-domain class imbalance does indeed
pose a problem in extremely skewed cross-domain imbal-



ances and complex domain shifts. To tackle this prob-
lem we introduced a weighted minibatch sampling strategy
extending the implicit class-conditioned domain alignment
method of Jiang et al. [16]] for cross-domain osteoarthritis
classification from X-ray images. We compared this with
another approach that uses a random weighted sampling
method applied to the target domain, and the results indi-
cate that both strategies achieve roughly comparable per-
formance.

Our experiments show that the impact of cross-domain
class imbalance becomes noticeable only when the domain
shift is sufficiently complex and the class imbalance is sub-
stantial. In cases where the domain shift is relatively simple,
even under extreme class imbalance, models using MMD
with random sampling achieved performance similar to that
of more complex sampling variants. This suggests that,
for binary OA classification, cross-domain class imbalance
may not be a primary limiting factor for distribution align-
ment with MMD. The proposed sampling strategies yielded
modest improvements over random sampling only in the
most extreme scenarios, even when using ground-truth la-
bels, indicating that class-conditioned sampling would not
be of help in a real world unsupervised setting.

We further investigated the effect of pseudolabel noise in
the scenarios where a performance difference between ran-
dom and weighted sampling was observed. Performance
degradation with increasing pseudolabel corruption was
minimal. However, since the performance gains achieved
with the proposed sampling methods were minimal, the re-
sults do not provide sufficient evidence to confirm that im-
plicit class-conditioned domain alignment is robust to pseu-
dolabel noise.

Taken together, our findings highlight that MMD re-
mains an effective approach for mitigating domain shift and
is robust to cross-domain class imbalance in simple domain
shifts. It starts to reach its limits when confronted with
a skewed cross-domain class imbalance and complex do-
main shift. Extending ICCDA with weighted uniform sam-
pling provides little additional benefit under extreme do-
main shifts and extreme cross-domain class imbalance in
the context of binary OA classification.
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Figure 11: We observe lower performance gains when train-
ing on CHECK Gamma and deploying on CHECK.



B. Finding Gamma Value results C. UMAP CHECK and OAI
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Figure 12: UMAP visualizations of classifier embeddings
before and after different MMD-based distribution align-
ment strategies.
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