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Automated knee osteoarthritis (OA) assessment demands
models that are not only accurate, but also trustworthy and
demographically robust. To meet this need, we propose
XAS-SupCon, an uncertainty-aware, explainable, and age-
and sex-aware supervised contrastive learning framework.
Using plain knee radiographs from the Osteoarthritis Ini-
tiative (OAI), we incorporate age and sex directly into the
contrastive objective to strengthen representation learning
while mitigating demographic bias. Uncertainty is quanti-
fied via Monte Carlo Dropout with risk—coverage analysis
and selective prediction. Compared with conventional CNN
and contrastive baselines, XAS-SupCon achieves the highest
accuracy (0.8419) and F1-score (0.8192), while maintaining
lower risk across coverage levels, supporting more reliable
and explainable Al-driven knee OA assessment.

1 Introduction

Knee osteoarthritis (OA) is a common and disabling mus-
culoskeletal disorder that leads to chronic pain and re-
duced mobility [1]. Radiographic evaluation using the Kell-
gren—-Lawrence (KL) grading system [2] remains the clinical
standard for assessing OA severity. However, KL grading
relies on subjective interpretation, resulting in notable inter-
and intra-observer variability. Recent advances in artificial
intelligence (AI) have shown strong potential for automating
knee OA classification from plain radiographs [3-5]. Never-
theless, most existing Al models are population-agnostic and
overlook biological factors such as age and sex that influence
OA manifestation and progression. In addition, many Al sys-
tems provide deterministic predictions without quantifying
predictive uncertainty, limiting their reliability in real-world
clinical deployment. In safety-critical medical imaging, un-
certainty estimation is essential for identifying ambiguous
cases and supporting selective prediction.

To address these limitations, we proposed an uncertainty-
aware and explainable age- and sex-aware contrastive Al
framework for KL grading in knee OA using plain radio-
graphs. The model learns discriminative image represen-

tations through supervised contrastive learning while in-
corporating age and sex to encourage demographic-aware
representation learning. We built our proposed AI meth-
ods on the publicly available Osteoarthritis Initiative (OAI)
dataset [6]. Through Grad-CAM++ visualization [7}|8]], the
framework improves model explainability by providing inter-
pretable localization of disease-relevant regions. Our study
contributes clinically by improving personalized and reli-
able knee OA assessment, and technically by integrating
demographic awareness, uncertainty quantification, and ex-
plainable contrastive learning into a unified computational
framework.

2 Materials and Methods

2.1 Dataset

In our study, we used a dataset from the OAI [|6], a publicly
available longitudinal cohort study of knee OA that includes
imaging data (plain radiographs and MRI), clinical assess-
ments, and patient-reported outcomes. The dataset provides
KL grades along with structural features such as joint space
narrowing, osteophytes, and subchondral changes. Demo-
graphic information, including age and sex, is also available
and was incorporated into our study. A total of 4,506 pa-
tients with Anteroposterior (AP) fixed-flexion plain knee ra-
diographs were included. Among them, 49.45% were 41-60
years old, 30.49% were 61-70 years old, and 20.06% were
older than 70 years. The sex distribution was 41.9% female
and 58.1% male. Plain radiographs of both left and right
knees were included for each patient. KL grades were bi-
narized into non knee OA (KL 0-1) and knee OA (KL 2-4)
following established clinical thresholds [2}/9]]. This binariza-
tion reduces ambiguity between adjacent grades and supports
clinically meaningful decision-making. The final dataset con-
tained 8,949 knee-level samples, including 3,906 knee OA
cases and 5,043 non knee OA cases. The average radiograph
resolution was 766 pixels in width and 630 pixels in height.



2.2 Data Preprocessing

Original AP fixed-flexion knee radiographs contained both
knee structures and surrounding background, which intro-
duced noise and reduced model focus [[10]. Therefore, region-
of-interest (ROI) extraction was performed to isolate the knee
joint area for analysis. We manually annotated 1,364 radio-
graphs to localize the knee joint regions. These annotations
were used to train a YOLOvI11 [[11] object detection model
for automatic knee ROI detection. After training, the model
was applied to radiographs from 4,506 patients to detect and
crop left and right knee ROIs. This automated detect-and-
crop pipeline produced 8,949 cropped AP knee images. By
isolating anatomically relevant regions and removing back-
ground structures, this preprocessing step reduced noise and
ensured consistent inputs for subsequent model training.

2.3 XAS-SupCon: Age- and Sex-aware Super-
vised Contrastive Learning

Supervised Contrastive Learning (SupCon) [[12]] extends con-
trastive learning by leveraging class labels within the loss
function. While standard self-supervised contrastive learn-
ing [13]] pulls together augmented views of the same image
and pushes apart different images, SupCon further groups em-
beddings from the same class and separates those from differ-
ent classes. This encourages representations that better reflect
class-level semantics. The SupCon loss is defined as:

. 1 exp(zi-2p/T)
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where I denotes all augmented samples in the batch (|I| =
2N for N images), z; = Proj(Enc(x;)) represents the nor-
malized projection feature, and 7 is a temperature parameter.
P(i) denotes same-class positives for anchor i (excluding i),
and A(¢) includes all other samples in the batch.
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Fig. 1: Overview of the proposed XAS-SupCon framework.

Figure [I) illustrates the proposed Age- and Sex-Aware
SupCon (XAS-SupCon). The framework consists of two

stages. In Stage 1, representations are learned by min-
imizing a demographic-aware contrastive loss. In Stage
2, the encoder is frozen and a linear classifier is trained
for binary OA classification. At the representation learn-
ing stage, a batch of input images is processed by a data-
augmentation module Aug(-) (cropping, flipping, color jit-
tering), which generates two stochastic views each image,
Z = Aug(z). Both views are passed through the shared
Encoder Enc(-) to obtain a 512-dimensional normalized
representation 7 = Enc(Z) € RP2(Dg = 512). This repre-
sentation is then mapped by the Projection Head Proj(-) to a
128-dimensional feature z = Proj(r) € RP?(Dp = 128),
which is also normalized for the contrastive objective. Our
XAS-SupCon loss function leverages both labels and de-
mographic information to capture patient-specific variation
during representation learning. In plain knee radiographs,
images from patients with similar ages and the same sex may
exhibit more comparable structural characteristics, suggest-
ing that demographic similarity could influence representa-
tion learning. Motivated by this observation, we hypothesize
that incorporating demographic similarity into the contrastive
objective can improve the quality and stability of learned
representations.

To achieve this, we introduce a weighting scheme applied
to same-class positive pairs within each batch. Instead of
assigning equal contribution to all positives, XAS-SupCon
adjusts their influence according to age proximity and sex
concordance. Specifically, anchor—positive similarities are
scaled by a demographic-aware weight, allowing age-similar
and same-sex pairs to contribute more strongly, while pairs
with larger age gaps exert less influence. This preserves
the contrastive structure while embedding demographic con-
straints into the representation space, promoting more robust
performance across age and sex subgroups. The correspond-
ing XAS-SupCon objective is defined as:
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where the weight term w,. scales the unweighted simi-
larity z; - z, such that pairs with more similar demographic
attributes contribute more, is calculated as follows:

wij = (]_ + )\a AgeSlm”) (1 + As SeXMaSkij) (3)

where )\, and A, control the contributions of age and sex,
respectively. In our study, we set A, = As; = 0.05. The age
similarity from the absolute age gap A;; = [Age; — Age,|
using a Gaussian kernel [14,|15]] is quantified as:

A2
AgeSim(A;;) = exp (— 2(;;) 4)

where o sets the age scale. To calibrate o, we compute the
empirical distribution of pairwise age gaps, select a target



quantile A* and a target similarity s*, and choose o such that
age_sim(A*) = s*. This defines the age gap threshold below
which the similarity becomes meaningful. In our study, us-
ing the 60% quantile of the age-gap distribution (A = 12.0
years) and a target similarity of s = 0.5 yielded ¢ ~ 10.2
years. Clinically, knee OA progresses slowly, so age gaps of
10 years are clinically meaningful, whereas smaller gaps are
less likely to alter the appearance of plain knee radiograph
images. Furthermore, sex concordance is represented by a
binary indicator mask defined as:

1, ifiand jh th ’
SexMask(i, j) = 17z an .] ave the same sex 5)
0, otherwise.

After pretraining with XAS-SupCon, we discard the
Proj(-) and use the frozen Enc(-) as a feature extrac-
tor. For each image x, we compute the representation
r = Enc(z) € RP? and train a Linear Classifier on r
for OA versus non-OA prediction. Only the classifier param-
eters are updated in this stage and the Enc(-) remains frozen.
In addition, using encoder features rather than projection fea-
tures is standard practice for downstream classification and
has been shown to provide superior performance [[13].

2.4 Uncertainty Quantification

To assess predictive reliability, we estimate model uncertainty
using Monte Carlo (MC) Dropout [16]. During inference,
dropout layers remain active, and each input image is for-
warded through the network 7' times to obtain a distribution
of predictive probabilities. The mean probability is used as
the final prediction, while predictive entropy is adopted as
the primary uncertainty measure. In our experiments, we use
T = 50 stochastic forward passes with dropout probability
p = 0.1. To evaluate uncertainty-aware performance, we per-
form risk—coverage analysis [17]]. Samples are ranked by in-
creasing uncertainty, where coverage denotes the proportion
of retained (low-uncertainty) samples. Risk is defined as the
classification error among the retained samples. We report the
Area Under the Risk—Coverage Curve (AURC) and Cover-
age@95Acc, which quantifies the maximum retained sample
proportion while maintaining at least 95% accuracy.

2.5 Experimental Setup and Evaluation

We compared XAS-SupCon with three baseline models: (1)
ResNet-18 [|18] as a standard convolutional neural network,
(2) SimCLR [13]] as a self-supervised contrastive learning ap-
proach, and (3) SupCon [12] as a supervised contrastive learn-
ing method. This comparison allows assessment of the im-
pact of incorporating age and sex information into the con-
trastive objective. The dataset was split at the patient level
into 80% training and 20% testing sets. For XAS-SupCon,
SupCon, and SimCLR, the encoder (ResNet-18 backbone)

was first pretrained using the training set. The encoder was
then frozen, and a linear classifier was trained using five-fold
cross-validation to determine the best model configuration.
Performance was evaluated using accuracy, precision, recall,
and F1-score. Subgroup analyses were conducted across age
and sex categories. In addition, uncertainty-aware perfor-
mance was assessed using risk—coverage analysis and Cover-
age@95Acc. Grad-CAM++ [7] was applied for visualization
to assess whether predictions aligned with anatomically rel-
evant regions. All experiments were implemented in Python
(3.10.12) and conducted on a compute node equipped with
three NVIDIA Quadro RTX 8000 GPUs (48 GB each), dual
20-core CPUs, and 376 GB RAM.

3 Results

Table[T]and Table 2] demonstrate that XAS-SupCon achieves
the best overall performance on the full test set and maintains
consistent advantages across demographic subgroups. On the
overall dataset, it obtains the highest accuracy (0.8419), F1-
score (0.8192), and recall (0.8207), indicating improved sen-
sitivity in detecting knee OA cases. Across age and sex sub-
groups, XAS-SupCon achieves the strongest overall results,
with particularly notable gains in the older (Age > 61) group.
Although precision in the female subgroup is slightly lower
than SimCLR, XAS-SupCon attains the highest accuracy, re-
call, and F1-score in most subgroup settings, suggesting im-
proved robustness and generalization across diverse patient
populations.

Table 1: Performance comparison of the AI models.

AI Model  Accuracy Precision Recall F1-Score
ResNet-18  0.8006  0.8011 0.7222 0.7596
SimCLR 0.7642  0.8211 0.5877 0.6851
SupCon 0.8318 0.8077 0.8067 0.8072
XAS-SupCon 0.8419 0.8176 0.8207 0.8192

Figure 2| and Table [3] demonstrate that XAS-SupCon
delivers the strongest uncertainty-aware performance among
all evaluated models. In the risk—coverage analysis, XAS-
SupCon consistently maintains the lowest risk across nearly
all coverage levels, indicating more reliable predictions when
selectively retaining high-confidence samples. In contrast,
baseline models such as SImCLR exhibit substantially higher
risk, even at low coverage levels. At a 95% accuracy
threshold, XAS-SupCon achieves the highest overall Cov-
erage@95Acc (0.5659), retaining the largest proportion of
samples while preserving strict accuracy requirements. It also
attains the highest coverage in multiple demographic sub-
groups, including Age<60 (0.6296), Female (0.5881), and
Male (0.5495), while remaining competitive in the Age>61
subgroup. Overall, these results indicate that XAS-SupCon
not only improves predictive performance but also enhances



selective reliability and demographic consistency, supporting
its suitability for risk-aware medical Al applications.

Table 2: Subgroup performance comparison of AI models.
Subgroup AI Model

Accuracy Precision Recall FI-Score

ResNet-18 0.8242  0.7752 0.7278 0.7508
SimCLR 0.7909  0.8233 0.5413 0.6531

Age < 60
SupCon 0.8443  0.7895 0.7798 0.7846
XAS-SupCon 0.8465  0.7908 0.7859 0.7883
ResNet-18 0.7856  0.8329 0.7247 0.7750
Age > 61 SimCLR 0.7374  0.8198 0.6211 0.7068
= SupCon 0.8193  0.8206 0.8260 0.8233
XAS-SupCon 0.8373  0.8366 0.8458 0.8412
ResNet-18 0.8023  0.7799 0.7477 0.7635
Female SimCLR 0.7759  0.8224 0.6055 0.6975
SupCon 0.8317  0.8041 0.8005 0.8023
XAS-SupCon 0.8376  0.8013 0.8234 0.8122
ResNet-18 0.8086  0.8486 0.6986 0.7663
Male SimCLR 0.7487  0.8193 0.5652 0.6690
SupCon 0.8320 0.8121 0.8145 0.8133
XAS-SupCon 0.8477  0.8393 0.8174 0.8282

Figure [3 presents Grad-CAM++ visualizations gen-
erated by different AI models using cropped knee ROI ra-
diographs. Both examples correspond to confirmed knee
OA cases, with visible joint space narrowing and marginal
osteophytes. Compared with ResNet-18 and SimCLR, Sup-
Con and XAS-SupCon demonstrate more concentrated and
anatomically meaningful attention over the tibiofemoral joint
space and osteophyte margins, which are clinically relevant
regions for OA assessment. Two orthopedic surgeons inde-
pendently reviewed the visualization overlays and reported
that the heatmaps produced by XAS-SupCon were better
aligned with established clinical knowledge than those of the
other models, providing clearer localization of pathological
structures and more interpretable predictions. These find-
ings indicate that incorporating supervised and demographic-
aware contrastive learning enhances localization consistency
and improves clinical interpretability. All Python codes are
available at this GitHub repository [removed for now because
of Anonymized Submission].
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Fig. 2: Risk—Coverage comparison of Al models. Solid lines
denote mean risk across 10 randomly selected seeds, and
shaded regions indicate standard deviation.

Table 3: Coverage @95Acc comparison across groups.

Al Model Overall Age<60 Age>61 Female Male
ResNet-18 0.3156 0.3415 0.2952 0.2270 0.3919
SimCLR 0.0073 0.0100 0.0180 0.0215 0.0078
SupCon 0.4927 0.4750 0.5387 0.4990 0.4219

XAS-SupCon 0.5659 0.6296 0.4332 0.5881 0.5495

Knee ROI ResNet18 SimCLR SupCon XAS-SupCon
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Fig. 3: Grad-CAM++ visualizations for each Al model. Rows
correspond to right (R) and left (L) knees, respectively. Knee
ROI refers to cropped plain radiograph images of the knee
ROL

4 Discussion, Conclusion, and Outlook

The proposed XAS-SupCon framework demonstrates that
incorporating demographic information, such as age and sex,
into supervised contrastive learning improves both predictive
performance and model interpretability for knee OA clas-
sification. By integrating demographic awareness into the
representation learning process, the model captures clinically
relevant variation across patient populations while maintain-
ing strong overall accuracy. In addition, uncertainty quan-
tification through MC Dropout and risk—coverage analysis
shows that XAS-SupCon provides more reliable selective
predictions, achieving lower risk across coverage levels and
higher Coverage@95Acc compared with baseline methods.
These findings indicate that demographic-aware contrastive
learning enhances not only classification accuracy but also
predictive reliability in safety-critical clinical settings. Grad-
CAM-++ visualizations further indicate that XAS-SupCon
consistently highlights anatomically relevant OA-associated
regions, reinforcing model transparency and improving clin-
ical interpretability. Future work will extend this framework
by integrating multimodal data sources, including MRI and
patient-reported outcomes, to improve generalization across
diverse cohorts. We also plan to expand representation across
underrepresented demographic groups and explore feder-
ated and advanced uncertainty-aware learning strategies to
facilitate robust and trustworthy deployment in real-world
healthcare environments.
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