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Abstract

Machine-learning-assisted cancer subtyping is a promis-
ing avenue in digital pathology. Cancer subtyping models
however require careful training using expert annotations,
so that they can be inferred with a degree of known cer-
tainty (or uncertainty). To this end, we introduce the con-
cept of uncertainty awareness into a self-supervised con-
trastive learning model. This is achieved by computing an
evidence vector at every epoch, which assesses the model’s
confidence in its predictions. The derived uncertainty score
is then utilized as a metric to selectively label the most cru-
cial images that require further annotation, thus iteratively
refining the training process. With just 1-10% of strategi-
cally selected annotations, we attain state-of-the-art per-
formance in cancer subtyping on benchmark datasets. Our
method not only strategically guides the annotation pro-
cess to minimize the need for extensive labeled datasets,
but also improve the precision and efficiency of classifica-
tions. This development is particularly beneficial in set-
tings where the availability of labeled data is limited, of-
fering a promising direction for future research and ap-
plication in digital pathology. Our code is available at
https://github.com/Nirhoshan/Al-for-histopathology

1. Introduction

Integration of deep learning into computer-assisted dig-
ital pathology has revolutionized cancer diagnostics, of-
fering a powerful tool to streamline the complex, labor-
intensive, and error-prone processes associated with image-
based detection. Despite these advancements, the field faces
a significant challenge: the exhaustive and costly process of
image annotation. Histopathological analysis demands pre-

*Corresponding author

cise labeling by expert pathologists, a procedure that is not
only time-consuming but also heavily resource-dependent.
Addressing this issue, the community initially turned to
self-supervised learning (SSL) as a solution [7, 23], which,
while effective in some respects, often lacked in providing
explainable model predictions, a critical requirement for po-
tential clinical use. These models, focused mainly on ac-
curacy, frequently underperformed on datasets with limited
domain similarity to the training data [26].

Another approach to mitigate the annotation burden is
active learning (AL). AL introduces a human-in-the-loop
querying strategy, offering a degree of interpretability and
reduction of labeling effort [27]. Research such as that
conducted by [2] investigated different querying strategies
in AL, finding that random sampling frequently surpasses
strategic label selection in patch-based machine learning.
This observation led to the adoption of a method where mul-
tiple patches are combined for AL, albeit at the expense of
higher computational requirements.

A key enhancement to AL lies in incorporating uncer-
tainty into the querying process [17], as it directly influ-
ences the explainability and reliability [14] of model pre-
dictions.

Previous works, such as [17], have employed uncertainty
metrics at the Whole Slide Image (WSI) level. However,
these approaches often lacked interpretability, as they re-
lied on indirect uncertainty parameters such as dropouts or
model weights.

Our work synergizes SSL and AL, addressing the short-
comings of each method when used individually. We begin
by evaluating various models across different labeling sce-
narios to identify the most suitable SSL framework. This
led us to select SImCLRv2 [4] for its exceptional perfor-
mance. We then enhance this framework by integrating
a novel strategy of modeling uncertainty within the archi-
tecture itself [25], an approach not previously employed
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in histopathology. This addition not only boosts the inter-
pretability of the model predictions—a vital aspect in criti-
cal domains like histopathology—but also sets a new stan-
dard in the field.

Leveraging this enhanced SSL framework, we then ap-
ply the uncertainty score as a querying strategy in AL. This
approach is benchmarked against traditional random sam-
pling methods. Our combined SSL and AL framework ex-
cels in patch-level classification for binary and multi-class
cancer types. It adds explainability to model predictions
and significantly reduces annotation efforts. The results are
compelling: our model achieves parity with state-of-the-art
(SOTA) outcomes using only 2-3% of labels and surpasses
them at the 9% label mark. The subsequent sections of this
paper detail our process in achieving these results, from the
selection and enhancement of the SSL framework to the
application of uncertainty-aware querying in AL for patch
level classification.

2. Related Work
2.1. Self-supervised Representation Learning

SSL has emerged as a powerful approach, especially for
pre-training large models using unlabeled data [5, 12, 13,24,

,33]. In the realm of digital pathology, SSL frameworks
like SimCLR [3] and its enhanced version, SimCLRv2 [4],
have shown promise by learning rich representations from
relatively large amount of unlabeled data. SimCLRv2, in
particular, improves upon its predecessor through larger
backbone networks, an expanded projection head, and the
application of knowledge distillation [16]. Another notable
SSL method, Masked Auto-Encoding (MAE) [15], recon-
structs images from partially masked inputs, demonstrating
its utility in tasks like image classification. While these SSL
methods, including adaptations for digital pathology like
those by [7] and [23], have proven effective, SImCLRv2’s
adoption in digital pathology remains unexplored. More-
over, the potential of these models, particularly in terms of
the uncertainty in their predictions, has yet to be fully in-
vestigated.

2.2. Uncertainty Quantification

Estimating uncertainty in deep learning models is a cru-
cial yet challenging aspect of machine learning, particu-
larly in clinical applications like histopathology. Traditional
methods, such as Monte Carlo dropout [11, 30], deep en-
sembles [22,32], and test-time augmentation [9], generate
variability in predictions have been used to estimate uncer-
tainty. However, these approaches often rely on inherent
ambiguities in model parameters, lacking precise mathe-
matical quantification of uncertainty. Recognizing this lim-
itation, our work enhances SSL framework with a Bayesian
approach to uncertainty estimation, as proposed by [25].

This approach, grounded in the theory of evidence, excels in
task-agnostic learning across different domains and it aligns
perfectly with our objective of harnessing public datasets in
digital pathology to acquire extensive pre-trained domain
knowledge.

In our exploration of uncertainty, it is important to ac-
knowledge the two primary types: aleatoric and epistemic
uncertainty. Aleatoric uncertainty refers to the inherent
noise in the data that cannot be reduced through model
training such as image quality, while epistemic uncertainty
is related to the model’s lack of knowledge, which can be
mitigated through better training and data representation. In
this work, we focus on reducing epistemic uncertainty by
quantifying the aspects of uncertainty that are within our
control through careful training strategies. By addressing
epistemic uncertainty, we aim to enhance model reliability
and improve performance in clinical applications.

2.3. Active Learning

AL is the machine learning method which actively
queries the most informative labels to consistently im-
prove the model training. AL is a well adapted method in
histopathology to reduce annotation cost [17], [2]. In AL
the network training will be initiated by labelling a limited
number of randomly selected images. Then, the key prob-
lem in AL is how the querying strategy is defined to select
the most valuable samples to gather the most information
for model training. Researches conducted for AL were cir-
cling around the challenge of identifying the most effective
querying strategy to find images that yield the highest en-
tropy. In [2], the researchers compared random sampling
with different querying strategies. In [17], authors turned
into quantifying uncertainty to find the images with highest
entropy. However, in [10], authors tried to improve the AL
by incorporating both samples with high entropy values and
low entropy values to emphasize the confidence boosting.
Though all these work introduced different querying strate-
gies to reduce the annotation cost, the accuracy was on par
or slightly less [10] compared to that with random selec-
tion of images. This may be due to the querying strategy
failing to select the most informative images for the next
iteration. We leverage the uncertainty estimation method
introduced in [25], that proved to be performing better in
uncertainty quantification compared to other uncertainty es-
timating methods [25], to develop the querying strategy,
which resulted in reduced annotation cost and significant
improvement in accuracy compared to the random sampling
of labels.
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Figure 1. The SimCLRv2 framework comprises three steps: (A1) Pre-training employs contrastive learning on unlabelled images. (A2)
Supervised fine-tuning adds a classification head to the pre-trained encoder and fine-tunes using labeled images. (A3) Knowledge distil-
lation involves using the fine-tuned model as a teacher network to generate pseudo labels for unlabeled images, then training a student
network. (B) The proposed UA-SimCLRv2 model extends this with an additional output for the uncertainty score, enhancing model pre-

diction explainability.

3. Methodology
3.1. Datasets

In this work, we used two datasets, the Patch Came-
lyon (PCam) dataset [29], and the NCT-CRC-HE-100K
(NCT100k) dataset [20]. Table 1 details the PCam dataset
and Table 2 details the NCT 100k dataset.

Table 1. Description of attributes and characteristics of the PCam
dataset extracted from histopathology scans of lymph node sec-
tions from CAMELYON16.

Attribute Description
Source CAMELYON16 WSI
Patch Count 327,680
Patch Size 96x96 pixels (resized to 224x224)
Label Binary indicating metastatic tissue presence
Data Splits ~ Training (75%), Validation (12.5%), Test (12.5%)

3.2. Patch Level Classification

We first utilized SimCLRv2 as a patch-level classifier
(see the model architecture in Fig. 1). For both datasets,
we benchmarked our model against other models that have
been used previously for the same task in digital pathology.
Our experimental framework assessed model performance
based on two criteria: the proportion of training set anno-
tations used for fine-tuning and the context of pre-training

Table 2. Description of attributes and characteristics of the
NCT100k dataset, consisting of H&E stained histological images
annotated into nine classes.

Attribute Description

Human colorectal cancer
and normal tissues

Source

Patch Count 100,000

Patch Size 224x224 pixels

Label Adipose (ADI), Background (BACK),
Debris (DEB), Lymphocytes (LYM),
Mucus (MUC), Smooth Muscle (MUS),
Normal Colon Mucosa (NORM),
Cancer-Associated Stroma (STR),

Colorectal Adenocarcinoma Epithelium (TUM)

Data Splits Training (NCT100k),

Validation ( CRC-VAL-HE-7K (CRC7k))

data (in-domain or out-domain). In-domain refers to using
the same dataset for pre-training (contrastive learning), fine-
tuning, and knowledge distillation, followed by testing the
trained model on the same dataset. Out-domain refers to us-
ing a different dataset for the pre-training step. For instance,
in the PCam-outdomain setting the NCT100K dataset was
used for pre-training.



3.3. Evaluation Metrics

To evaluate the performance of our classification models,
we used three primary metrics: Accuracy, F1 Score, and
Area Under the ROC Curve (AUC).

e Accuracy: Measures the ratio of correctly classi-
fied instances to the total number of instances in the
dataset, offering a basic measure of overall model per-
formance. However, accuracy may be less informative
when there is a class imbalance.

* F1 Score: This balances precision and recall, making
it especially useful for evaluating model performance
in cases of class imbalance. In this work, we employed
the weighted-average F1 score, which calculates the
F1 score for each class individually and then averages
these scores according to the proportion of each class
in the dataset. This approach ensures that classes with
more instances contribute proportionally to the final
score, providing a more balanced evaluation across all
classes.

¢ Area Under the ROC Curve (AUC): Measures the
area under the ROC curve, which plots the true posi-
tive rate against the false positive rate across different
threshold values. The AUC score indicates how well
the model can distinguish between classes, with val-
ues closer to 1.0 representing stronger performance in
correctly classifying positive and negative instances.
A score of 0.5 implies random performance, while a
higher AUC reflects better discriminative ability.

These metrics together provide a comprehensive view of
the model’s accuracy and its robustness in handling class
imbalances.

3.4. UA SimCLRv2

We next introduced uncertainty awareness [25] to the
SimCLRv2 framework. Our uncertainty aware SimCLRv2
is termed UA-SimCLRv2. The primary objective of UA-
SimCLRv2 is to enhance the interpretability of the model’s
predictions in the context of digital pathology. This is
achieved by incorporating the theory of uncertainty estima-
tion, which serves as the basis for uncertainty awareness in
UA SimCLRv2.

In [25], the uncertainty estimation is approached from
Dempster—Shafer theory of evidence (DST) perspective [8]
assigning belief masses to subsets of a frame of discern-
ment, which denotes the set of exclusive possible states.
Subjective logic formalizes DST’s notion of belief assign-
ments over a frame of discernment as a Dirichlet distribu-
tion. Term evidence is a measure of the amount of sup-
port collected from data in favor of a sample to be classi-
fied into a certain class. Through model training evidence

er (k = 1,2,...,K) are collected and belief masses by
(k =1,2,..., K) are assigned to each class based on the
evidence collected and the remaining are marked as uncer-
tainty u. For K mutually exclusive classes,

u+ Y by =1 (1)

Here u > 0 and by, > 0, and they are calculated by,

K K
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Observe that when there is no evidence, the belief for each
class is zero and the uncertainty is one. A belief mass as-
signment, i.e., subjective opinion, corresponds to a Dirichlet
distribution with parameters oy = ex + 1. A Dirichlet dis-
tribution parameterized over evidence represents the den-
sity of each such probability assignment; hence it models
second-order probabilities and uncertainty [19]. It is char-
acterized by K parameters « = [a,q9,...,ak] and is
given as

K a1 .
ﬁnizlp% ' ifpe Sk

0 otherwise,

D(plla) = {

where S = {p|| Zfilpi =1land0 < py,...,pr < 1}
and B(«) is the K -dimensional multinomial beta function
[21].

Model training follows the classical neural network ar-
chitecture with a softmax layer replaced with ReLU ac-
tivation layer to ascertain non-negative output, which is
taken as the evidence vector for the predicted Dirichlet dis-
tribution. For network parameters 6, let f(x;]|6) be the
evidence vector predicted by the network for the classifi-
cation. Corresponding Dirichlet distribution’s parameters
a; = f(2;]|0) + 1 are calculated and their means (%) are
considered as the class probabilities. Let y; be one hot vec-
tor encoding the ground-truth class label of a sample z;.
Treating D(p;||;) as a prior on the sum of squares loss
lly; — pi||3, we obtain the loss function

K
1 el
Li<0)—/|yipi||§B(&,)Hp§;f dpi.  (3)
vi=1

By decomposing the first and second moments, mini-
mization of both the prediction error and the variance of
the Dirichlet experiment for each sample is achieved by the
above loss function. Further some evidence collected might
strengthen the belief for multiple classes. To avoid situ-
ations where evidence with more ambiguity assigns more
belief to incorrect class, Kullback-Leibler (KL) divergence



term is appended to the loss function. Following is the total
loss used for UA fine-tuning.

= Z L;(0)
i

+)\tZKL

where A, = min(1,¢/10) € [0, 1] is the annealing coeffi-
cient, ¢ is the index of the current training epoch, D(p;|| <
1,...,1 >) is the uniform Dirichlet distribution, and &; =
yi + (1 — y;) * «; is the Dirichlet parameters after removal
of the non-misleading evidence from predicted parameters
«; for sample i. The KL divergence term in the loss can be
calculated as

Pilla)[[D(pall < 1,...,1>)] (&)

KL[D(Pz'HOZi)”D(pJH)]
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where 1 represents the parameter vector of K ones, I'(-) is
the gamma function, and +(+) is the digamma function. By
gradually increasing the effect of the KL divergence in the
loss through the annealing coefficient, the neural network is
allowed to explore the parameter space and avoid premature
convergence to the uniform distribution for the misclassified
samples, which may be correctly classified in future epochs.

3.5. Uncertainty-aware Active learning (UA-AL)

Last, we leveraged uncertainty scores in UA-SimCLRv2,
as the querying strategy for AL. We demonstrated our AL
for subtyping of NCT100k dataset. Starting with a pre-
trained model, we first labeled 1% of images randomly and
fine-tuned the model. Subsequently, we iteratively queried
the top 1% uncertain images and added them to the train-
ing set with expert-annotated labels. This process contin-
ued until 10% of the labels were used in training. As in Fig.
2.A, We compared UA-AL with both regular SimCLRv?2
and UA-SimCLRv2 models with random sampling for la-
beling at each iteration, assessing model performance on
the test dataset. As discussed in section 2.3, because the
related work showed comparable or slightly lower accuracy
than the random sampling strategy, we conducted the com-
parison directly against the random sampling method.

4. Results

In Section 4.1, we evaluate various SSL frameworks for
patch-level classification to identify the most effective one.

We then incorporate uncertainty awareness into the chosen
SSL framework. Then, we visualize and analyze the suit-
ability of the selected uncertainty estimation method as a
querying strategy in AL. Finally, in Section 4.2, we dis-
cuss the effectiveness of uncertainty awareness in AL and
observe that we achieve SOTA results in patch-level classi-
fication using only 2% of in-domain labels.

4.1. Patch level Classification
4.1.1 Binary Class Classification

Table 3 show the accuracy, F1 score, and AUC score for
the PCam binary classification. To establish a baseline, we
first fine-tuned our models with all training labels (i.e., the
100% setting). Here, our models outperformed the SOTA
approach, i.e., MAE [15]. In-domain pre-trained Sim-
CLRvV2, performed best with 2.16% increase in accuracy
compared to the SOTA and UA-SimCLRv2 performed even
better. Next, we fine-tuned our models on 10% training la-
bels. 10%-fine-tuned models performed slightly worse than
the 100% baseline. Nevertheless, the 10%-fine-tuned Sim-
CLRv2 and UA-SimCLRv?2 still performed on par with or
better than the SOTA. Then, we fine-tuned our models on
1% training labels. Interestingly the SimCLRv2 and UA-
SimCLRv2 models still performed comparable to the SOTA
(see the 1% setting on Table 3). However, at the 1% setting
UA-SimCLRv2 consistently underperformed compared to
SimCLRv2, perhaps due to the limited evidence available
for uncertainty awareness. Rows in bold highlight the best
results within their respective sections.

4.1.2 Multi-Class Classification

Table 4 shows multi-class classification results for the
NCT100k dataset. Similar to the binary case, we experi-
mented at 100%, 10% and 1% fine-tuning settings. First, at
the 100% setting our SimCLRv2 and UA-SimCLRv2 per-
formed on par with the SOTA. Interestingly, out-domain
pre-trained SimCLRv2 was the best-performing model and
surpassed the SOTA by a small margin. But at the 1% set-
ting, we observed a degradation of performance by a few
percentage points. We would further explore the impact of
in-domain and out-domain setting in future work.

Tables 3 and 4 demonstrate that SimCLRv2 stands out
as the superior SSL framework when compared to current
SOTA models. Furthermore, the incorporation of uncer-
tainty awareness into SimCLRv2 not only maintains its high
accuracy but also enhances the interpretability of its predic-
tions.

4.1.3 Visualizing Uncertainty estimation

Our t-SNE analysis in Fig. 3 initially showed that compared
to SimCLRv2, UA-SimCLRv2’s T-SNE maps demonstrate
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Figure 2. (A) UA-AL framework (B) Outdomain training of UA-AL outperforms random label selection, achieving comparable results to
the SOTA with just 3% of labels, and surpassing the SOTA with 9% of labels.

Table 3. Binary classification results for PCam dataset for a variety of models. Results marked by * are quoted from [23].

Regular Model Uncertainty-aware Model
Labels Model Acc (%) F1(%) AUC (%) Acc(%) Fl(%) AUC (%)
Indomain TransPath™ [31] 81.20 81.00 91.70 - - -
Indomain Mocov3* [6] 86.30 86.20 95.00 - - -
Indomain DINO™ [1] 85.80 85.60 95.70 - - -
100%  Indomain SD-MAE* [23] 88.20 87.80 96.20 - - -
Indomain MAE [15] 88.41 86.23 95.81 - - -
Indomain SimCLRv1 [3] 83.21 84.40 88.67 - - -
Indomain SimCLRv2 [4] 90.57 90.20 96.47 90.29 89.95 96.49
Outdomain ~ SimCLRv2 [4] 89.30 88.97 96.58 91.30 91.09 96.83
Indomain MAE [15] 86.10 84.45 94.81 - - -
10% Indomain SimCLRv1 [3] 88.67 81.52 83.45 - - -
Indomain SimCLRv2 [4] 89.73 89.07 96.19 88.27 88.94 94.69
Outdomain ~ SimCLRv2 [4] 89.60 88.84 96.73 90.41 89.97 96.87
Indomain MAE [15] 85.81 86.10 94.45 - - -
1% Indomain SimCLRv1 [3] 87.77 88.67 81.52 - - -
Indomain SimCLRv2 [4] 90.27 89.99 95.34 88.96 88.54 94.24
Outdomain  SimCLRv2 [4] 89.21 88.88 95.57 87.43 86.96 92.33

improved interpretability, characterized by better cluster
border refinement and organization of points based on pre-
diction uncertainty (refer Fig. 3.B2). Furthermore, it was
observed that more interpretable predictions (i.e., incorrect
predictions with higher uncertainty scores) were attainable
when a larger number of labels were available. This high-
lights the effectiveness of uncertainty estimation in discern-
ing prediction reliability.

We also plotted the histograms of uncertainty values of
correct and incorrect predictions (see Fig. 4). Note that in-
correct prediction histograms correspond to ‘B3’ and ‘D3’

of Fig. 3 . In both the 100% and 1% settings, correct predic-
tions exhibited a left-skewed distribution, while incorrect
predictions displayed a right-skewed distribution. This ob-
servation indicates that the majority of incorrect predictions
correlate with high uncertainty, whereas correct predictions
tend to exhibit low uncertainty. This alignment underscores
the effectiveness of the uncertainty estimation method in en-
hancing the interpretability of model predictions. The in-
sight from Fig. 3 & Fig. 4 enabled us to develop a querying
strategy for UA-AL.



Table 4. Multi-class classification results for NCT100k dataset for a variety of models. Results marked by * are quoted from [23]; Results
marked by *x are quoted from [18].

Regular Model Uncertainty-aware Model

Labels Model Acc (%) F1 (%) Acc (%) F1 (%)
Indomain TransPath™ [31] 92.80 89.90 - -
Indomain Mocov3™* [6] 94.40 92.60 - -
Indomain DINO* [1] 94.40 91.60 - -
Indomain BYOL™™ [13] 93.93 - - -
Indomain HistoSSL-Res™™ [18] 96.55 - - -
100%  Indomain HistoSSL-ViT** [18] 96.18 - - -
Indomain SD-MAE* [23] 95.30 93.50 - -
Indomain MAE [15] 94.70 94.20 - -
Indomain SimCLRv1 [3] 92.10 92.20 - -
Indomain SimCLRv2 [4] 96.28 96.25 96.44 96.39
Outdomain  SimCLRv2 [4] 96.85 96.82 95.88 95.82
10% Indomain SimCLRv2 [4] 96.28 96.25 95.82 95.73
Outdomain ~ SimCLRv2 [4] 94.62 94.56 94.98 94.87
1% Indomain SimCLRv2 [4] 94.27 94.12 91.70 91.65
Outdomain ~ SimCLRv2 [4] 94.34 94.23 92.34 92.85
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Figure 3. T-SNE plot (A) for SImCLRvV?2 trained in distribution with 100% annotations (B1) for UA-SimCLRv2 trained in distribution
with 100% annotations (B2) color coded with the uncertainty values (Note that mixed cluster regions show high uncertainty) (B3) where
only the Incorrect predictions are color coded. Note that most incorrect predictions show high uncertainty. C, D1, D2, D3 Corresponding
versions of ‘A, B1, B2, B3’ with 1% of annotations. Note that in ‘D3’ there are more incorrect predictions with low uncertainty values than

in ‘B3’.

4.2. Uncertainty-aware Label Selection

Table 5 showcases the accuracy and F1 score out-
comes from training the UA-SimCLRv2 model, utilizing

an uncertainty-aware label selection approach. This is set
against the backdrop of the SimCLRv2 model’s perfor-
mance, as well as the UA-SimCLRv2 model when trained
with a random image selection for labeling. In scenarios



Table 5. Results of UA-AL and random sampling of labels on the NCT100K dataset. rnd - Random Labeling, Sim - SimCLRv2, U.S -
UA-SimCLRv2

Indomain Outdomain
Lab. Sim-rnd U.Sim-rnd U.Sim-AL Sim-rnd U.Sim-rnd U.Sim-AL
Acc-% F1-% | Acc-% F1-% | Acc-% F1-% | Acc-% F1-% | Acc-% F1-% | Acc-% Fl1-%
1% 9427 94.12 | 91.70 91.65 | 91.70 91.65 | 9434 9422 | 9234 9225 | 9234 92.25
2% 93.57 9346 | 9459 9413 | 9626 96.15 | 92.31 9223 | 93.89 9358 | 9438 94.34
3% 92.01 91.87 93.23 92.95 96.29  96.23 91.67 91.65 9435 9432 | 96.41 96.31
4% 91.22 9120 | 9530 95.18 | 9535 9535 | 9198 9192 | 9491 9490 | 9533 9521
5% 91.69 91.69 | 9456 9449 | 96.03 96.02 | 92.79 9245 | 95.01 9493 | 95.69  95.68
6% 91.68  91.65 9406 9394 | 9593 9591 92.13  92.11 9434  94.21 96.28  96.25
7% 9248 9242 | 95.12 9491 9576 9576 | 94.01 9397 | 94.69 9456 | 96.29  96.25
8% 92.08 92.05 | 95.01 94.89 | 96.50 96.45 | 9387 9346 | 95.05 9498 | 96.25 96.12
9% 94.62 9454 | 96.32  96.28 96.51 96.42 | 94.21 94.12 | 9456 9432 | 97.01 96.90
10% 96.28 9625 | 95.82 9573 | 96.51 9649 | 94.62 9456 | 9498 9487 | 96.40 96.33
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Figure 4. Histograms for (A) 100% annotations (B) 1% annotations demonstrating the tight coupling between model predictions accuracy

and uncertainty awareness.

where training is conducted for indomain, we observed that
the accuracy and F1 scores rapidly approached the base-
line set by the 100% label setting with just 2% of labels.
However, beyond this point, performance gains began to
plateau. Notably, the UA-training method consistently out-
performed models fine-tuned with randomly selected labels.
The peak performance was recorded in an out-domain pre-
training context, where it achieved superior results (refer
Fig. 2.B) with only 9% of labels using uncertainty-aware
labeling. This model not only surpassed the current state-
of-the-art, HistoSSL-Res [18], but also outperformed the
baseline model trained with 100% labels (as detailed in Ta-
ble. 4).

The implications of these findings are threefold: firstly,
UA-SimCLRv2 emerges as the foremost patch classifier on
the NCT100k benchmarks. Secondly, even with randomly
selected labels, UA-SimCLRv2 outperforms SimCLRv2 as
label quantity increases. Lastly, employing uncertainty-
aware label selection consistently leads to higher accuracy
compared to random selection methods.

5. Conclusion

Our research represents a significant advancement in
cancer subtyping for digital pathology, by integrating un-
certainty awareness into SSL and AL frameworks. The UA-
SimCLRv2 model offers superior interpretability in model
predictions and performance, surpassing SOTA approaches
with minimal labeled data. By strategically querying uncer-
tain samples for annotation, our framework not only reduces
annotation burdens but also enhances model precision and
efficiency. These findings underscore the importance of in-
corporating uncertainty awareness into the learning process,
particularly in critical domains like digital pathology.

With UA-SimCLRv2 established as the leading classifier
on digital pathology benchmark datasets, our research sets
a new standard in cancer subtyping in histopathology. This
work can further be extended to whole slide image classi-
fication by using our fine-tuned encoder as the backbone
to MIL approach. In essence, our work transforms digital
pathology image analysis, introducing a new era of preci-
sion and efficiency led by the UA-AL with UA-SimCLRv2.
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