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Abstract. Accurate disease grading is critical for early diagnosis and
effective treatment planning. However, class imbalance and subtle inter-
class variations in real-world disease grading datasets make it challeng-
ing for traditional classification models to differentiate between neigh-
boring disease stages and preserve ordinal label relationships. Existing
approaches emphasize inter-class ordinal relationships but fail to distin-
guish closely related categories effectively. To address these limitations,
we consider disease grading as an ordinal regression problem and adopt
a supervised contrastive learning approach to design a hybrid super-
vised contrastive ordinal learning framework. Our framework consists of
three basic modules: 1) prototype-based contrastive ordinal learning, 2)
weighted sample-based contrastive learning and 3) disease stage grading
using regression. To deal with class imbalance while enhancing intra-class
consistency and inter-class separation, we design a distance-based pro-
totype contrastive ordinal loss, which pushes the samples closer to their
class centers while maintaining their ordinality. This approach captures
subtle differences within closely related disease stages and results in a
separable ordinal latent space. Additionally, a per-sample class weight-
ing strategy is integrated into weighted supervised contrastive ordinal
learning to prevent class collapse, ensuring balanced gradient contribu-
tions and robust inter-class separation. Our approach effectively captures
both large-scale and fine-grained variations, enabling precise ordinal clas-
sification for disease grading. We validate the framework on diabetic
retinopathy and breast cancer datasets, demonstrating its adaptability
across medical conditions and potential to enhance diagnostic accuracy
in medical imaging applications.

Keywords: Ordinal learning - Supervised contrastive learning - Pro-
totype contrastive learning - Class imbalance - Inter-class variations -
Intra-class variations
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1 Introduction

Automated disease grading systems play an important role in accurately classi-
fying disease severity into distinct stages, enabling early intervention to reduce
long-term complications and deaths [I5/12/10]. However, developing such sys-
tems for real-world medical datasets presents significant challenges due to the
inherent complexities of the data. These datasets often have long-tailed class
distributions, with underrepresented severe or rare cases, making it challenging
for models to learn from minority samples. Additionally, many medical grading
problems have an ordinal structure, where disease severity progresses in a se-
quential manner. The subtle differences between the neighboring stages make
the automated disease grading even more challenging [I4]. The conventional
classification losses focused on enhancing the separability fail to preserve ordinal
relationships [20]. Conversely, regression-based approaches rely on continuous
labels but struggle to handle inter-class variations effectively [20].

Recent advances in deep neural networks have improved ordinal regression by
preserving the hierarchy of labels while mapping features to ordered labels [5/TT].
A common approach is to treat ordinal regression as a multi-binary classifica-
tion problem, summing binary decisions on whether output exceeds predefined
ranks [I3I3]. Some methods model probabilistic distributions within CNN logits
or ordinal labels [3I12], while some explore continuous-space mappings for bet-
ter predictions [I705]. Hybrid models that combine CNNs with random forests
explore ordinal learning through ensemble-based feature partitioning and dis-
tribution modelling [2IIT0]. Despite their effectiveness, these methods struggle
with long-tailed medical datasets, failing to capture subtle variations and im-
prove minority-class performance.

In this work, we aim to capture subtle variations while enhancing inter-class
variations and intra-class diversity in imbalanced medical datasets to improve
diagnostic accuracy, particularly for underrepresented and minority classes. To
address these challenges, we adopt supervised contrastive learning (SupCon) [8]
and introduce a novel hybrid contrastive ordinal framework for disease grading.
While SupCon has been explored for medical image classification [6J19], it can-
not preserve ordinal relationships in grading tasks. To address this, Dai et al. [4]
introduced Adaptive Contrastive Loss (AdaCon), incorporating an adaptive mar-
gin based on the Empirical Cumulative Distribution Function (ECDF) [16]. Al-
though effective for large datasets, AdaCon struggles with long-tailed imbalanced
datasets [4]. Supervised Contrastive Ordinal Loss (SCOL) [14] extends SupCon
with a metric learning approach based on Euclidean distances, improving the
separation between classes and the compactness between classes by adjusting
the distances based on labels. However, its performance degrades under severe
class imbalance, highlighting the need for further improvements.

To address the above challenge, we design a hybrid contrastive ordinal frame-
work to address class imbalance and ordinal consistency in disease grading by
proposing Prototype-based Contrastive Ordinal Loss (PCOL) and weighted Su-
pervised Contrastive Ordinal Loss (SCOL,,). PCOL enhances global structure
learning by leveraging class prototypes as representative embeddings, aligning
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individual samples with their respective prototypes. This promotes intra-class
compactness, inter-class separability, and ordinal consistency through a distance-
aware regularization term, enabling the model to capture subtle variations in dis-
ease severity. Further to avoid class collapse and improve robustness against class
imbalance, we formulate SCOL,, by refining SCOL using weighted class aver-
aging, where each sample is weighted based on the inverse frequency of its class.
SCOL,, preserves intra-class compactness while learning fine-grained inter-class
variations through bounded ordinal penalties, preventing the over-penalization
of underrepresented samples and stabilizing feature representations. Our frame-
work effectively balances local pairwise alignment and global class-level structure
by integrating sample-to-prototype contrastive learning via PCOL and sample-
to-sample contrastive learning through SCOL,,.

We evaluate our framework on two public datasets: Diabetic Retinopathy
(DR) fundus photographs [7] and Breast Ultrasound Images (BUSI) [1], both
widely used for disease grading in medical imaging [T2JT0[9]. The ablation study
results validate the effectiveness of each component of the proposed framework.
The overall performance of the proposed framework demonstrates its effective-
ness in enhancing disease grading accuracy compared to state-of-the-art meth-
ods [I2II0J9]. The code is publicly available at [2].

Our contributions are summarized as follows: (i) We design a novel loss func-
tion, called Prototype-based Contrastive Ordinal Loss (PCOL), that aligns sam-
ples with class prototypes to enforce intra-class compactness, inter-class separa-
bility, and ordinal consistency. A distance-aware regularization term preserves or-
dinal relationships, enabling the model to capture subtle variations in neighbor-
ing classes. (7)) We propose a hybrid contrastive ordinal framework integrating
PCOL with weighted SCOL (SCOL,,) to enhance ordinal representation learn-
ing. By refining SCOL with per-sample class weighting (w;), SCOL,, prevents
over-penalization, ensuring robust feature representation and better generaliza-
tion in long-tailed distributions. Combining sample-to-prototype (PCOL) and
sample-to-sample (SCOL,,) contrastive learning, our approach effectively ad-
dresses class imbalance while maintaining ordinality. (44) Our approach achieves
SOTA results on two public medical datasets, demonstrating robustness, gener-
alizability and effectiveness in disease grading under severe class imbalance.

2 Methodology

2.1 Preliminaries:

The generic feature map of an input image X extracted from the CNN backbone
model is represented as ¢ = fy,(X), where ¢ € R"0X®w0X¢ and hy wy, and c
denote the height, width, and number of channels, respectively. We aim to find an
optimal mapping of 1) using supervised contrastive ordinal learning methods to
improve the disease severity grading. Fig. [I] shows the workflow of our proposed
framework. It comprises of three modules: i) prototype-based contrastive ordinal
learning, ii) weighted supervised contrastive ordinal learning, and iii) regression
for predicting disease stage.
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Fig. 1. (a) An overview of the proposed Hybrid Supervised Contrastive Ordinal Learn-
ing framework. During training, all three heads are jointly optimized using a single-
stage contrastive learning approach. In the testing phase, only the regression head is
used for inference. (b) depiction of distance metric learning components, (c) Class im-
balance in the dataset, emphasizing the long-tailed distribution of disease severity.

2.2 Prototype-based Contrastive Ordinal Loss (PCOL)

To improve the performance of supervised contrastive ordinal learning frame-
works [84T4] on imbalanced disease grading datasets with minimal inter-class
variation and high intra-class diversity, we design Prototype-based Contrastive
Ordinal Loss (PCOL). This loss function leverages class centers as prototypes
for each label and integrates an ordinal distance-aware regularizer to enforce
inter-class separability while maintaining ordinal consistency in the latent space.

Within a mini-batch I, consider C' = {Cy, Cs,...C;} is the set of class centers
for [ classes. C; is computed during training as the mean of feature embeddings
for all samples with label y; in the current mini-batch. Consider ¢, and c,, are the
prototypes of positive and negative classes with labels y, and y,,, respectively
and f, are the feature embeddings of anchor sample a. N(i) is a set of all the
negative prototypes associated with labels different from the label of the anchor
a and r, p, is the Euclidean distance between the label of anchor sample and the
negative prototype. Our proposed Prototype-based Ordinal Loss (PCOL) loss
enforces the anchor embedding z, to be closely aligned with the positive class
center ¢, while being pushed away from the negative class centers c,, according
to the ordinal distance term 7, ,. PCOL can be formulated as:

exp (fg . Cp/T)
Lpcor =— ) log
ieZI cheN(i) exp ((fd - en +7an)/T)

The inclusion of r,, in PCOL ensures that misalignment penalties are
proportional to ordinal distances, preserving ordinal relationships in the la-
tent space. This formulation enhances intra-class compactness while maintaining
inter-class distances aligned with ordinal label relationships.

(1)
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2.3 Weighted Supervised Contrastive Ordinal Loss

We propose weighted Supervised Contrastive Ordinal Loss (SCOL,,) by incorpo-
rating per-sample class weighting w; with supervised contrastive ordinal loss [14]
to enhance inter-class variations and intra-class diversity. In SCOL,,, weights
are dynamically assigned to each sample in the training batch based on the in-
verse frequency of its class in the dataset. This loss enforces embeddings with
similar labels to align closely while progressively increasing separation based on
ordinal differences between their labels.

To define SCOL,,, consider f,, f, and f, represents the feature embeddings
of the anchor a, positive p and negative n samples, respectively. P(i) and N(i) are
the sets of all the positive and negative samples, respectively. w; is per-sample
class weighting and 7, , is the Euclidean distance between the anchor label y,
and the negative label y,,, then Lscor,, is given as:

T
. _ —w; 1 exp (fa : fP/T) 2
SCOL, l%:g 0] pezp:(i) og onen() &P ((f3 - fa+Tan)/T) (2)

2.4 Hybrid Contrastive Ordinal Regression for Disease Severity
Prediction

The contrastive ordinal embeddings learned through two projection heads are
the passed through the regression head to predict disease severity. This final
component is trained with a root-mean-squared loss (Lgrarsg) for precise ordinal
predictions. The projection heads and regression head are optimized jointly in a
single-stage supervised contrastive learning framework, ensuring robust feature
learning and improved disease grading accuracy. The total loss is defined as:

Liotat = aLpcor + BLscor,, + LrusE (3)

3 Experimental Setting

Datasets: We evaluate our approach on two public datasets widely used for
disease grading: (i) Diabetic Retinopathy (DR) Fundus Photograph Dataset|7]:
This dataset contains 35,126 high-resolution fundus images categorized into five
DR severity levels: No DR (25,810, 74%), Mild (2,443, 7%), Moderate (5,292,
15%), Severe (873, 3%), and Proliferative DR (708, 2%). Following [I8I3I12],
we use 10-fold subject-independent cross-validation for evaluation. (i) Breast
Ultrasound Images (BUSI)[I]: BUSI includes 780 ultrasound images categorized
into three classes: Normal (133, 17%), Benign (487, 56%), and Malignant (210,
26%). Following [12[9], we perform 5-fold subject-independent cross-validation.

Evaluation Metrics: Following state-of-the-art methods [I8I3I12], we eval-
uate the performance of our framework in terms of Accuracy (Acc.) and Mean
Absolute Error (MAE).
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Implementation details: We use EfficientNet-V2S as the backbone en-
coder, resizing images to 300 x 300 and normalizing them to [0,1]. The projection
heads in contrastive learning blocks have 1280 and 128 neurons. The feature map
¥ from the encoder is passed through global average pooling (grey layer) to con-
vert into feature-embeddings, then to two separate MLP layers (blue box), each
consisting of two dense layers with 1280 and 128 neurons. We use class-stratified
batch sampling to ensure the stability of class prototypes even in small batch
sizes. A one-stage contrastive learning framework is trained for 75 epochs with
a batch size of 24 and an initial learning rate of 1 x 1073, optimized based on
validation loss. To prevent overfitting, the learning rate is reduced by a factor
of 0.2 after 5 epochs of no improvement, and early stopping is applied with a
patience of 13 epochs.

4 Results and Discussion

4.1 Comparison with State-of-the-Art Ordinal Learning Methods:

Our proposed framework achieves state-of-the-art performance on the BUSI
dataset, with 91.0% accuracy and a 0.10 reduction in MAE, outperforming
CORE [9] by 8.8% in accuracy and 8% in MAE, demonstrating its effective-
ness in capturing discriminative features and minimizing prediction errors.

On the DR dataset, our model achieves 83.8% accuracy and the lowest MAE
(0.21), effectively reducing prediction errors across disease stages. While trailing
Ord2Seq [18] by 0.7% in overall accuracy, it significantly improves classification
for minority classes (2, 3 and 5) (see Fig and performs comparably for class 4,
highlighting its reliability and consistency. Notably, our model (G5) (see Fig. ,
further reduces misclassification rates in these classes, achieving a higher pro-
portion of correct classifications reducing both adjacent and non-adjacent errors
where previous methods struggled. These results highlight its effectiveness in
ensuring ordinal consistency, class separability, and robustness in long-tailed,
imbalanced medical datasets.

Table 1. Performance comparison with state-of-the-art ordinal learning methods using
BUSI and DR datasets. The best results are in Bold, and the second best are underlined.

Method CNN BUSI DR
Model Acc. (1) MAE() Acc. (1) MAE ({)

Poisson [3] VGG-16 75.2 0.24 77.1 0.38
SORD [5) VGG-16 78.2 0.20 78.2 0.73
POE [11] VGG-16 75.0 0.21 80.5 0.30
CORE [9] VGG-16 82.2 0.18 83.3 0.25
Ord2Seq [I8] |[VGG-16 - - 84.0 0.25
SCOL [14] Eff-V2S 85.0 0.17 82.5 0.32
Ours VGG-16 88.5 0.15 83.5 0.23
Ours Eff-V2S 91.0 0.10 83.8 0.21
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Fig. 2. The stacked bar plot to compare the class-wise performance of the proposed
method with SOTA methods using the Diabetic Retinopathy dataset. G1: SORD [5],
G2: POE [11], G3: Ord2Seq [18], G4: SCOL [14], and (G5): our proposed method. Each
bar represents the proportion of predictions classified correctly (grey), misclassified into
adjacent classes (blue), or assigned to non-adjacent classes (pink).

4.2 Comparison with SOTA Contrastive Learning Methods:

Table [2] compares our proposed method with SOTA contrastive learning ap-
proaches SupCon [8], AdaCon [4], and SCOL [14] on the BUSI dataset. Our
method achieves the highest overall accuracy (91.0%) and the lowest MAE
(0.10), demonstrating superior performance. It significantly improves Benign
classification with 94.7% accuracy and 0.05 MAE, while also achieving the best
performance in the Malignant class (85.2% accuracy, 0.15 MAE). While SCOL
achieves slightly higher accuracy for Normal (88.7%), our model remains com-
petitive (87.2%) with the lowest MAE (0.15), ensuring more stable predictions.
These results confirm the effectiveness and robustness of our hybrid contrastive
ordinal framework in handling class imbalance and improving disease grading
accuracy.

Table 2. Comparison with SOTA Contrastive Learning Methods using BUSI dataset.

Method Normal Benign Malignant Average
Acc.(1) [MAE(])|Acc.(1) [MAE({)|Acc.(1) [MAE(])|Acc.(1) [MAE(])
SupCon [8]|84.6 0.17 95.4 0.13 80.9 0.31 87.0 0.20
AdaCon [4]|85.0 0.20 92.0 0.11 80.0 0.33 86.0 0.21
SCOL [14] |88.7 0.17 93.8 0.13 79.0 0.31 89.0 0.17
Ours |87.2 0.15 94.7 0.05 85.2 0.15 91.0 0.10




8 A. Saleem et al.

Table 3. Ablation study to analyze the effect of PCOL and SCOL,, on each class
and to compare the effect of regression vs. classification head using BUSI dataset. CE:
Cross entropy, RMSE: Root mean squared error.

Method Normal Benign |Malignant| Average

PCOL|SCOLy|w; |[RMSE |CE |Acc. |MAE [Acc. |MAE |Acc. [MAE |Acc. |MAE
(I (O I (G I (A I (O I (O (O ()

- 87.0 |0.21 |90.4 |0.18 (77.5 |0.28 |85.5 [0.22

v ool v
v v ol - 89.5 |0.16 (92.4 |0.14 (78.1 |0.30 |88.0 [0.13
v - 88.0 |0.16 [94.0 |0.11 (80.0 |0.33 |89.0 |(0.11

- v 85.7 10.19 |89.5 |0.12 [86.6 |0.11 |88.0 [0.13

SNESENE

v
v ol - 87.2 (0.15 |94.7 |0.05 |85.2 |0.15 |91.0 (0.10

ANEN

4.3 Ablation Study

Effectiveness of PCOL and SCOL,,: Table[3|evaluates the impact of PCOL,
SCOL,,, and per-sample weighting (w;) on the BUSI dataset. SCOL,, alone
achieves 85.5% accuracy, 0.22 MAE, while adding w; improves the performance
to 88.0% accuracy and 0.13 MAE, highlighting the benefits of class weighting.
PCOL alone further enhances accuracy to 89.0% with 0.11 MAE, demonstrating
its role in improving feature representation. The overall framework achieves the
best performance (91.0% accuracy, 0.10 MAE), reinforcing intra-class compact-
ness, inter-class separability, and robustness in disease grading.

Regression vs. Classification Head Table [3| also compares the effectiveness
of Root Mean Squared Error (RMSE) loss and Cross-Entropy (CE) loss. RMSE
outperforms CE, achieving 91.0% accuracy, 0.10 MAE versus 88.0% accuracy,
0.13 MAE, indicating improved stability. It significantly improves Benign (94.7%
accuracy, 0.05 MAE) and Normal (87.2% accuracy, 0.15 MAE) classification.
For Malignant, both losses yield 0.15 MAE, but CE achieves slightly higher
accuracy (86.6% vs. 85.2%). These results confirm RMSE’s superiority in ordinal
prediction, reducing misclassification errors and improving model reliability.

Fig. [3] represents the t-sne plot for Diabetic Retinopathy dataset to visualize
learned feature embeddings using different contrastive ordinal loss functions. The
spiral-like layout reflects the preserved ordinal structure. It can be seen in the
Fig3[a&b) that the (SCOL,,)+RMSE yields loosely clustered embeddings with
moderate inter-class separation where PCOL + RM SE produces more compact
clusters around class-specific prototypes. The combined SCOL + PCOL along
with RMSE loss achieves the most structured and well-separated representation
in Fic), balancing local discrimination and global ordinal alignment.

5 Conclusion

We introduced a novel hybrid contrastive ordinal learning framework to assess
disease severity in long-tailed medical imaging datasets. Our findings demon-
strate the strength of the prototype-based and instance-based contrastive ordi-
nal learning components, which work together to enhance inter-class separability
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Fig. 3. t-sne plot for Diabetic Retinopathy dataset to visualize learned feature embed-
dings using different contrastive ordinal loss functions. Colourbar represents ordinal
class label (0-4), and the spiral-like layout reflects the preserved ordinal structure.

and improve intra-class consistency. Ablation studies further validated that the
integration of these components leads to superior performance and increased ro-
bustness, particularly in handling minority class predictions and reducing errors
in various stages of the disease. Our framework sets a new benchmark for medi-
cal image-based disease grading by effectively tackling class imbalance, achieving
SOTA performance with greater reliability. Future work will focus on extending
this approach to more complex datasets and exploring its clinical deployment.
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