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Abstract. This work addresses how to efficiently classify challenging
histopathology images, such as gigapixel whole-slide images for cancer
diagnostics with image-level annotation. We use images with annotated
tumor regions to identify a set of tumor patches and a set of benign
patches in a cancerous slide. Due to the variable nature of region of in-
terest the tumor positive regions may refer to an extreme minority of the
pixels. This creates an important problem during patch-level classifica-
tion, where the majority of patches from an image labeled as ’cancerous’
are actually tumor-free. This problem is different from semantic seg-
mentation which associates a label to every pixel in an image, because
after patch extraction we are only dealing with patch-level labels.Most
existing approaches address the data imbalance issue by mitigating the
data shortage in minority classes in order to prevent the model from
being dominated by the majority classes. These methods include data
re-sampling, loss re-weighting, margin modification, and data augmenta-
tion. In this work, we mitigate the patch-level class imbalance problem by
taking a divide-and-conquer approach. First, we partition the data into
sub-groups, and define three separate classification sub-problems based
on these data partitions. Then, using an information-theoretic cluster-
based sampling of deep image patch features, we sample discriminative
patches from the sub-groups. Using these sampled patches, we build cor-
responding deep models to solve the new classification sub-problems.
Finally, we integrate information learned from the respective models to
make a final decision on the patches. Our result shows that the proposed
approach can perform competitively using a very low percentage of the
available patches in a given whole-slide image.
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1 Introduction

Whole-slide images (WSIs) are a rich source of information in digital histol-
ogy, where tissue sections are scanned at gigapixel scale at various microscopic
magnification levels [41, 20]. However, the size and number of these images pose
challenges for machine learning models. Firstly, the gigapixel resolution creates
memory constraints necessitating input fragmentation. Secondly, annotations of
the tumor regions may constitute a very tiny portion of the entire WSI which
can create a large class imbalance in the training data. In recent years, deep
models like CNNs and Transformer-based weakly supervised learning methods
such as multiple-instance learning (MIL) have shown promising results in gi-
gapixel whole slide image classification with varied sizes. In this approach, WSIs
are divided into small image tiles or patches and then aggregated in later stages
to make prediction using a classifier [32, 40, 21]. MIL treats each WSI as a bag
containing multiple instances. If any instance of a WSI is disease-positive then
the whole bag (WSI) is labeled as disease-positive. An aggregator classifier is
used on the instance-level predictions to get the final image level prediction.

Real-world datasets often display long-tailed or imbalanced class distribu-
tions [12, 39, 10, 7]. Common approaches to handling data imbalance work by
mitigating the data shortage in minority class by data augmentation [25, 17, 6],
margin modification [4], loss re-weighting [36, 30, 9], and data re-sampling [37,
24, 5, 1]. Though these methods have performed well on imbalanced natural im-
age data, they may not be as effective for WSIs. This is because, in the MIL
classifier, the WSI is represented as a bag of image tiles of variable sizes [38].
However, since the area of the image that actually contains tumor in a WSI
can be very small, it means that a majority of tiles in an image weakly labeled
’cancerous’ actually do not contain tumor, effectively mislabeling (>80%) of the
tiles[18].

To address these challenges, we propose a patch-level classification method
that utilizes cluster-based sampling strategy to solve the imbalance problem be-
tween tumor and benign class patches and also provides an efficient histopathol-
ogy image classification framework for resource-constrained scenarios. The main
contributions of this work are as follows:

– A group based training approach where we divide the data into three spe-
cific sets which help us to decompose the original problem into three sub-
problems. Each sub-problem focuses on discriminating between specific bi-
nary classification problems and, when combined, solves the original classi-
fication challenge effectively.

– A z-score-based stratified sampling on clustered image patches of the three
focus data groups, which allows us to sample most of the patch texture
variety by selecting patches from all the distance-based intervals from cluster
centroid.

– A learning based information integration from the three sub-problems to
obtain the final image level predictions.
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2 Related Work

2.1 Multiple Instance Learning (MIL) for WSI Classification

A typical MIL method for WSI classification consists of two stages. First, fea-
tures are extracted from each instance, and then these instance features are
aggregated to obtain a bag-level feature. Then, an image (bag) level classifier
is trained using the bag-level features and their corresponding labels. Lin et
al. [22] proposed a model-agnostic framework called CIMIL to improve exist-
ing MIL models by using a counterfactual inference-based subbag evaluation
method and a hierarchical instance searching strategy to help search reliable in-
stances and obtain their accurate pseudo-labels. Qu et al. [28] proposed a feature
distribution-guided MIL framework called DGMIL, for both WSI classification
and positive patch localization. Shi et al. [35] proposed a loss based attention
mechanism, which simultaneously learns instance weights and predictions, and
bag predictions for deep MIL. Qu et al. [29] proposed an end-to-end weakly
supervised knowledge distillation framework called WENO for WSI classifica-
tion. Li et al. [21] proposed a deep MIL model, called DSMIL, which jointly
learns a patch (instance) and an image (bag) classifier, using a two-stream ar-
chitecture. Zhang et al. [40] proposed to virtually enlarge the number of bags
by introducing the concept of pseudobags, on which a double-tier MIL frame-
work, called DFTD-MIL, is built to effectively use the intrinsic feature. Kong et
al. [18] presented an end-to-end CNN model called the Zoom-In network that
uses hierarchical attention sampling to classify gigapixel pathology images with
minority-pixel cancer metastases from the CAMELYON16 dataset. Sharma et al.
[33] proposed an end-to-end framework named Cluster-to-Conquer (C2C) that
clusters the patches from a WSI into k-groups, samples k0 patches from each
group for training, and uses an adaptive attention mechanism for slide-level pre-
diction. the patches. Campanella et al. [3] presented a deep learning system
based on multiple instances of learning that uses only the diagnoses reported
as labels for training, thereby avoiding expensive and time-consuming pixel-wise
manual annotations. Lu et al. [23] reported an interpretable weakly supervised
deep-learning method called CLAM that uses attention-based learning to iden-
tify sub-regions of high diagnostic value to accurately classify whole slide images.
Nouyed et al [26] addressed the challenge of high resolution image classification
using a discriminative patch selection approach where they embeded their patch
selection approach inside a novel classification framework which can support the
use of different off-the-shelf deep models.

While all the works mentioned above focus on solving the problem of patch-
level label corruption from weakly assigned labels at the image level, they do not
address the frequent issue of patch class imbalance, where the region of interest
(ROI) that defines the label occupies a super minority of the image pixel space.
Pawlowski et al. [27] investigated the performance of CNNs for minority-pixel
image classification tasks and their results show that by using a training dataset
limited in size, CNNs fail to generalize well because of the low ROI-to-image
ratio. Usually, the object associated with the label occupies a dominant portion
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of the image. However, in histopathology image classification such as gigapixel
whole-slide image classification, there could be datasets where only a very tiny
fraction of the image informs the positive label.

2.2 Long-tailed histopathology image classification

Long-tailed classification is a well-known research topic in machine learning
where the objective is to solve the data imbalance problem [19, 15]. Under-
sampling [11, 24, 1] and over-sampling [31, 34] are common solutions with known
trade-offs between bias and accuracy. While over-sampling can lead to overfitting
of the minority class [5], under-sampling has the potential of information loss
about the majority class [24]. We can also apply data augmentation to amplify
the minority classes [17, 6]. Another category of data balancing is called loss
re-weighting, in which the loss function is modified to increase weight on the
minority class samples and decrease weight on the majority class samples [16,
14, 9]. But research has shown that loss re-weighting can be ineffective when the
datasets are separable [2].

3 Method

In MIL, a group of training samples is considered as a bag containing mul-
tiple instances. Each bag has a bag label that is positive if the bag contains
at least one positive instance and negative if it contains no positive instance.
The instance-level labels are unknown. In the case of binary classification, let
B = {(x1, y1), . . . , (xn, yn)} be a bag where xi 2 X are instances with labels
yi 2 {0, 1}, the label of B is given by

c(B) =

(
0, iff

P
yi = 0

1, otherwise
(1)

First, the image is split into N ⇥ N instances of equal size. We consider
the instances from the same image as in the same bag. The main components of
our method can be divided into four parts, (1) A divide-and-conquer approach is
taken by splitting training data into 3 patch sets using pseudo-labeling and ROI;
(2) partitioning of the cancer classification problem into smaller sub-problems
based on tumor annotation and source of tissue sample; and (3) Integration of
the patch level results using patch level pooling at the feature and prediction
levels, followed by activation function and dimensionality reduction (if needed),
(4) A threshold percentage of tumor patch per WSI is used to determine the final
patch level prediction. Figure 1 provides an overview of the proposed framework,
while Figure 2 shows a sample WSI with annotated tumor region

3.1 Partition-based approach to WSI analysis

Based on the annotation provided in the dataset, we categorize the patches into
three different types: 1) Set of tumor patches, denoted as A, so A can be defined
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Fig. 1. Overview of the proposed framework. At the first stage, all patches of WSIs
are extracted using a pre-trained model E. Then based on available annotation train
set data is categorized into 3 data sub-sets. Feature set XA, XB , XC are extracted
from each corresponding set. On each set clustering K is performed and then z-score
based cluster sampling strategy is applied. Then 3 different models EAvB , EAvC and
EAv(B+C) are fine-tuned using the sampled patches {p01, p02, . . . , p0N} to train the binary
classification models EAvB , EAvC , EAv(B+C). From these, the feature or aggregation
information is passed to the aggregation function ⇢(.) for patch-level aggregation. And,
these aggregated information is used for final patch-level decision fusion using the final
R classifier.

Fig. 2. Sample WSI, with annotation. Zoomed in section includes annotated regions in
different colors, also, the ’+’ signs indicates the patch 256⇥ 256 boundaries extracted.
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as A = {(x, yp)|yp = 1, x 2 W, yw = 1}, where x is an image patch, yp is patch
label, W is an image, and yw is image label; 2) Set of benign patches that belong
to WSIs labeled as cancerous, denoted as set B, so B = {(x, yp)|yp = 0, x 2
W, yw = 1}; (Note that, set B does not indicate a misclassification, a doctor’s
misdiagnosis, nor a system’s misdetection. It is simply the set of patches that
are extracted outside the annotated tumor regions of the WSI.); and 3) Set of
benign patches that belong to WSIs labeled as benign, denoted as set C, so
C = {(x, yp)|yp = 0, x 2W, yw = 0}. The assumption is that the benign patches
belonging to a cancerous WSI may contain additional information that can help
the model learn to better discriminate between tumor and tumor-free patches.
Based on these three data partitions, we can now decompose the original problem
into three different binary classification sub-problems: 1) A versus B, 2) A versus
C and 3) A versus (B+C). We then train three different classification models of
the same architecture for each of the patch-level classification sub-problems.

3.2 Information theoretic cluster-based sampling
Algorithm 1 Information-theoretic cluster-based patch sampling algorithm
Require: X,K, |A|
Ensure: P
1: for K1,K2, . . . ,Kk do
2: for x 2 X do
3: d JSD(Kk, x);D(k) D(k) [ d
4: end for
5: D�(k) �(D(k));Dµ(k) µ(D(k))
6: for d 2 D(k) do
7: z  d�Dµ(k)

D�(k) ;Z(k) Z(k) [ z
8: end for
9: end for

10: for K1,K2, . . . ,Kk do
11: ST = |A| ⇤ ||Dµ(k)||
12: for x 2 X do
13: d JSD(Kk, x); z  d�Dµ(k)

D�(k) ; i GetInterval(z);X 0(i) x
14: end for
15: si = bST /|X 0|c
16: while true do
17: for i 2 X 0 do
18: ⇢ RandomSample(X 0(i));P  P [ ⇢;ST  ST � |⇢|
19: end for
20: Update(X 0); si = bST /|X 0|c
21: if ST  0 or si  0 then
22: break
23: end if
24: end while
25: end for

Because of the partition of the patch sets, we now have a clearer understanding
of the class imbalance between the benign and tumor patches. Typically for a
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dataset |A| << |B|and A << |C|. For this reason, we apply a sampling approach
to reduce the class imbalance among set A, B and, C. First using a pre-trained
model, we extract features from all patches. Let X  f(B, ✓) or X  f(C, ✓)
, where f(., ✓) is a feature extractor using the trained parameters ✓. We use a
parametric clustering method to cluster each of the sets into k different clus-
ters, such that, Kk is the k-th cluster centroid. Given a set of patch features
(x1, x2, . . . , xn), where each patch has been converted to a d-dimensional real
vector, parametric clustering such as k-means aims to partition the n patches
into k clusters (k  n) sets S = {S1, S2, . . . , Sk} so as to iteratively minimize
the within-cluster sum of square errors to reach the local minima or optimum.
The objective can be defined as :

argmin
S

kX

i=1

X

x2Si

||x� µi||
2 (2)

where, µi is the mean or centroid of the points in Si, µi = 1
|Si|

P
x2Si

x. We
use these k clusters to perform a systematic sampling on the patches such that
we can create balanced sets that is not dominated by the minority class. Algo-
rithm 1 shows our procedure for this information-theoretic cluster-based sam-
pling to generating balanced patch sets. Based on the available tumor patches,
we sample equal number of patches from each of the k cluster sets, if B’ and
C’ are the new sampled sets such that B0

⇢ B and C 0
⇢ C then |B0

| = |A| ,
|C 0

| = |A|. Denote P = B0 or C 0. During clustering we take a stratified random
sampling approach based on the Euclidean distance from the cluster centroid in
order to maximize the intra cluster variance among the clusters by sampling in
such a way that P contains samples from all z-score intervals X 0(i). For a given
patch in a cluster, we represent its computed features as a probability distribu-
tion. Similarly with the cluster centroid. We then use an information-theoretic
divergence measure, namely the Jensen-Shannon divergence (JSD), to evaluate
the dispersion between the patch, and its cluster centroid. For two probability
distributions p1 and p2, the Jensen-Shannon divergence[8] is given by:

JSD(p1, p2) =
1

2
D(p1||q) +

1

2
D(p2||q) (3)

where q = 1
2 (p1 + p2), and D(p1||q) is the Kullback-Leibler (KL) divergence [8]

between two distributions, given by:

D(p1||q) =

|C|X

c=1

p1(c) log

✓
p1(c)

q(c)

◆
(4)

where C is the number of distinct intervals used in the representation. For each
cluster we divide the distribution into intervals based on the z-scores. Then for
each patch we calculate the z-score of its dispersion from the centroid z  
d�Dµ(k)
D�(k)

. Based on this, we make sure we uniformly sample from each z-score
interval as much as possible so that we can have representation of all possible
patch texture variances as much as possible from each cluster, while keeping the
total sample size within ST where ST = |A|⇤||Dµ(k)||. Essentially, ST is the value
we get by multiplying the expected total size of the sampled set with normalized
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mean of all centroid dispersions (or centroid distances). A pseudo-code based
description is provided in Algorithm 1.

3.3 Instance level learning

The instance-level models encode patches to a d-dimensional embedding,
f(x, ✓) : x! h where ✓ is the set of training parameters. During the training,
we use the cross entropy loss on the instance-level labels and prediction of the
selected instance to update the classifier’s parameters. The loss function for the
classifier is define as follows:

L = �
X

j

yj logŷj + (1� yj)log(1� ŷj), (5)

where yj is the instance-level label. Using the partitioned datasets A, B and C
we train three different binary classification models, that learns to discriminate
between A vs. B, A vs. C, and A vs. (B+C), respectively. The objective here is
to divide the problem space into sub-problems that discriminate between tumor
and benign regions within same tissue image (AvB); between tumor and benign
regions of other tissue images (AvC), and tumor and benign regions of both
same and other tissue image (Av(B+C). The assumption is that the aggregated
feature representations obtained from these expert binary classification models
will be more informative for the final prediction. See Figure 1.

3.4 Integrating information from Problem Decompositions

We investigate information integration from the sub-problems in 5 different
ways: (M0) Majority vote based on the fine-tuned deep model predictions: Let,
ŶAvB = {ŷi|f✓

AvB(xi, yi)! ŷi}, ŶAvC = {ŷi|f✓
AvC(xi, yi)! ŷi} and ŶAv(B+C) =

{ŷi|f✓
Av(B+C)(xi, yi) ! ŷi}, are the set of instance-level predictions obtained

from models trained on the AvB, AvC, and Av(B+C) datasets. Here fAvB ,
fAvC , fAv(B+C) are the binary classification models trained on some param-
eters ✓, and ŷi is the predicted label of the i-th instance. Then we perform
a simple majority vote count based on the number of positive predictions to
obtain ŷF , the fused label; (M1) Learning-based fusion using Softmax: Let,
SAvB = {�i|S(f✓

AvB(xi, yi)) ! �i}, SAvC = {�i|S(f✓
AvC(xi, yi)) ! �i} and

SAv(B+C) = {�i|S(f✓
Av(B+C)(xi, yi)) ! �i} be a set of instance-level proba-

bility distributions, where S(.) is the softmax function. These instance level
probability distributions are concatenated to x and passed to a classifier; (M2)
learning-based fusion using feature concatenation followed by dimensionality
reduction: Let, XAvB = {xi|E✓

AvB(xi)}, XAvC = {xi|E✓
AvC(xi) ! xi} and

XAv(B+C) = {xi|E✓
Av(B+C)(xi) ! xi}, be the set of feature representations ob-

tained from the trained feature encoders E✓
AvB , E

✓
AvC , E

✓
Av(B+C). These features

are concatenated to x and then passed to a dimensionality reduction function
PCA(.) followed by a classifier; (M3) Learning-based fusion by applying dimen-
sionality reduction on individual features and then concatenation. Similar to
(M2), but here first PCA(.) is applied on individual feature representation and
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then the reduced features are concatenated; and (M4) Instance level pooling of
learned features followed by activation functions and then applying a classifier.
Average pooling method on the instance level features is applied to obtain an
aggregated patch level representation. This aggregated representation is then
passed to GeLU (G(z)) function followed by a classifier, where G(z) is defined
as follows.

G(z) = 0.5x(1 + tanh[
p
2/⇡(x+ 0.044715x3)]) (6)

Algorithm 2 shows our proposed procedures for integrating information obtained
from solving the three sub-problems.

Algorithm 2 Information integration from the problem decomposition
Require: XAvB , XAvC , XAv(B+C), ŶAvB , ŶAvC , ŶAv(B+C), SAvB , SAvC , SAv(B+C), Y,m
Ensure: ŷF
1: if m = 0 then
2: for ŷ1 2 ŶAvB , ŷ2 2 ŶAvC , ŷ3 2 ŶAv(B+C) do
3: if ŷ1 + ŷ2 + ŷ3 � 2 then return 1 else return 0 end if
4: end for
5: else if m = 1 then
6: for �1 2 SAvB ,�2 2 SAvC ,�3 2 SAv(B+C), y 2 Y do
7: x [�1;�2;�3]; ŷF  RandomForest(x, y); return ŷF
8: end for
9: else if m = 2 then

10: for x1 2 XAvB , x2 2 XAvC , x3 2 XAv(B+C), y 2 Y do
11: x [x1;x2;x3];x

0  PCA(x); ŷF  RandomForest(x0, y); return ŷF
12: end for
13: else if m = 3 then
14: for x1 2 XAvB , x2 2 XAvC , x3 2 XAv(B+C), y 2 Y do
15: x0

1  PCA(x1), x
0
2  PCA(x2);x

0
3  PCA(x3)

16: x0  [x0
1;x

0
2;x

0
3]; ŷF  RandomForest(x0, y); return ŷF

17: end for
18: else if m = 4 then
19: for x1 2 XAvB , x2 2 XAvC , x3 2 XAv(B+C), y 2 Y do
20: x0

p  AvgPool([x0
1;x

0
2;x

0
3]);x

0  GeLU(x0
p)

21: ŷF  RandomForest(x0, y); return ŷF
22: end for
23: end if

4 Experiments and Results

4.1 Database

We use the publicly available CAMELYON16 dataset for breast cancer metas-
tasis detection. It has a total of 399 WSIs, with 270 WSIs in training and 129
WSIs in test set. Out of the 270 training images, 111 are tumor WSIs, whose
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tumor annotation is also provided. For our work, patches of size 256⇥256 at 10⇥
magnification were extracted. Table 1 provides both slide-level and patch-level
database details. Figure 2 shows a sample WSI with tumor annotation.

Table 1. CAMELYON16 dataset details with info on 256⇥ 256 size patches extracted
at 10⇥ magnification level.

Train Test

Image level (WSI)

Total number 270 129
Positives (number, %) 111 (41%) 49 (31%)
Negatives (number, %) 159 (59%) 80 (62%)
Avg. area of ROI (pixels, %) 444,770 (0.003%) 653,670 (0.005%)
Max area of ROI (pixels, %) 91,418,800 (0.8%) 332,954,015 (2.8%)
Min area of ROI (pixels, %) 10 (0.000%) 0 (0.000%)

Patch level

Total number 4,612,746 2,026,538
Positives (number, %) 38,052 (0.8%) 31,536 (1.56%)
Negatives (number, %) 4,574,694 (99%) 1,995,131(98%)

Patches/Image (PPI)
Average 17083 15710
Max 22,787 20,906
Min 1,461 3,093

4.2 Architecture and hardware

For all models, we used ResNet-18 [13] with a l = 512 feature representation
which was then clustered using k-means with l2-normalization. The model was
implemented with PyTorch and trained on a single RTX1080 GPU. The models
are trained using an SGD optimizer with a batch size of 512 and a learning rate
of 1e� 4 for 10 epochs.

4.3 Patch labeling

To partition the patches into groups (A, B, and C), first we find the bounding box
around the tumor polygons provided by the CAMELYON16 dataset. After that,
for each patch of a WSI, we detect if there is any overlap between the polygon
bounding box and the patch coordinates, if there is an overlap we calculate the
area of overlapping rectangles using the following formula:

(min(x2, p2)�max(x1, p1)) ⇤ (min(y2, q2)�max(y1, q1)) (7)
where (x1, y1), (x2, y2) are the polygon bounding box, and (p1, q1), (p2, q2) are
the patch coordinates. We use an overlap threshold to decide whether to assign
the patch of a tumor positive WSI in A set, or in the B set, and, if the WSI is
tumor negative we put the patches in C set.

4.4 Patch sampling

We apply a K-means clustering algorithm, with k = 10, on the pre-trained
ResNet18 [13] features of the unbalanced training set. Now to sample from the



Efficient Classification of Histopathology Images 11

Table 2. Distribution of patches after partitioning into the 3 groups and after applying
the clustering based sampling algorithm to create balanced sets.

A B C Total

Unbalanced data
Train 30,442 1,505,762 2,153,994 3,690,198
Val 7,610 376,440 538,498 922,548
Total 38,052 1,882,202 2,692,492 4,612,746

Balanced data
Train (number, %) 30,442 (100%) 30,440 (2%) 30,440 (1.4%) 91,322 (2.4%)
Val (number, %) 7,610 (100%) 7,609 (2%) 7,609 (1.4%) 22,828 (2.4%)
Total (number, %) 38,052 (100%) 38,049 (2%) 38,049 (1.4%) 114,150 (2.4%)

B set and C set patches, equal to the size of A set, we use the Euclidean dis-
tance from centroid feature to patch feature. The z-score intervals span from
-3 to 15, and patches are sampled from within these intervals. Table 2 provides
the details on both unbalanced and balanced training and validation datasets.
We can observe that for the training and validation set we tried to keep the A
set patches as much as possible so that we don’t lose any information regarding
tumor presence in the slides. The contributions of the cluster-based sampling
strategy or the z-score based sampling strategy were visible, when we compared
its performance with just random sampling once the sub-groups of patches are
formed. We have found due to the Gaussian nature of the random sampling
algorithm most of the patches were similar and does not represent all the vari-
able texture patches within the centroid. This motivated us to take the z-score
based sampling approach so that we can properly sample representations from
all ranges of variability within a cluster.

4.5 Efficiency

From Table 2, we can observe that we have used 100% of all A set patches for
the training and validation set construction, but reduced the majority classes
(namely, class B and class C) down to 2% and 1.4% of the original dataset,
respectively, in order to match with the minority class. Since during training
time these patches are processed sequentially, the time that can be saved can be
estimated as O (B/U), where B is the total size of the balanced data, and U is the
total size of the unbalanced data. Thus, from the table, the proposed method
will run about 50 times faster than working without the proposed sampling
approach. Note that, we are estimating the efficiency gain based on the presence
of the balancing step in the proposed framework. We also observe that, speed
of convergence is another aspect of measuring the efficiency of the balancing
approach which can further establish the efficacy of the balancing step.

4.6 Evaluation

Using the balanced A, B and C sets, we create 5-fold cross validation sets (80-
20 partition). We evaluated performances of the models trained on AvB, AvC
and Av(B+C) models, individually and also using feature aggregated decision
fusion approaches. Table 3 shows the individual cross-validation performance of
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Table 3. Cross validation result for the 3 models.

AvB AvC Av(B+C)
Top-1 Acc. Top-1 Acc. Top-1 Acc.

Avg.±Std. 0.894± 0.023 0.902± 0.022 0.897± 0.011

Table 4. Patch-level classification performance using the proposed models for infor-
mation integrating from the problem decompositions.

Methods Accuracy AUC Precision Recall F1-score
M0 0.833± 0.001 0.833± 0.001 0.764± 0.001 0.963± 0.001 0.852± 0.001
M1 0.980± 0.001 0.980± 0.001 0.964± 0.002 0.997± 0.001 0.980± 0.001
M2 0.989± 0.000 0.989± 0.001 0.978± 0.001 0.999± 0.000 0.988± 0.001
M3 0.988± 0.001 0.989± 0.001 0.978± 0.001 0.999± 0.000 0.988± 0.000
M4 0.987± 0.001 0.987± 0.004 0.975± 0.001 0.999± 0.000 0.987± 0.001

Table 5. Comparison of patch level classification performance with the state-of-the-art.

Methods Accuracy AUC
Loss-ABMIL [35] 0.803 0.848
CLAM-SB [23] 0.789 0.880
CLAM-MB [23] 0.799 0.878
DSMIL [21] 0.857 0.886
DSMIL+WENO [29] 0.901 0.930
DTFD-MIL [40] 0.870 0.893
DGMIL [28] 0.886 0.901
CLAM-SB+CIMIL [22] 0.921 0.943
M2 (Ours) a 0.989± 0 0.989± 0.001
M3 (Ours) a 0.988± 0.001 0.989± 0.001

a Reported accuracy and AUC is based on validation data.
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the 3 binary classification models on the balanced datasets. The average top-1
accuracies are 0.894 ± 0.023, 0.902 ± 0.022 and 0.897 ± 0.011 showing strong
patch level performance on the individual partitioned data sub-sets. This is us-
ing a relatively weak ResNet backbone architecture (ResNet-18). Table 4 shows
the performance of different feature aggregation and decision fusion strategies
using the combined folds from the 3 partitioned datasets. This makes the folds
harder to predict because they include samples from all A, B, and C sets. Even
after that we can see that feature concatenation followed by PCA and RF clas-
sification (M2) shows a strong performance of top-1 accuracy 0.989 along with
high precision (0.978± 0.001), recall (0.999) and F1-score (0.988± 0.0005). The
second best method utilizes PCA on deep features following by concatenation
of dimensionality reduced features before classification (M3), has almost the
same performance as M2. In fact, except for majority vote approach (M0), all 4
learning-based approaches show strong patch-level classification performance on
the validation set. We believe this is indicative of the efficacy of our partitioning,
sampling, and information integration from the three problem decompositions.
Still the work has to show good performance on the test set also, which is much
more challenging because we have to infer initial sub-divisions, followed by clus-
ter sampling on an unseen data.

In Table 5 we provide comparative instance-level classification performance
results with state-of-the-art methods. For our instance-level classification we
used Area Under the Curve(AUC) and Top-1 accuracy as evaluation metrics
to compare with other methods. We chose Loss-ABMIL [35], CLAM-SB [23],
CLAM-MB [23], DSMIL+WENO [29], CLAM-SB+CIMIL [22], DSMIL [21], and
DFTD-MIL [40]. ABMIL, CLAM, DSMIL models are equipped with specific
mechanisms that provide patch prediction, DGMIL is specifically tailored for
patch classification. WENO and CIMIL are frameworks for boosting existing
MIL models. It can be seen that even with a significantly reduced dataset we were
able to achieve the best instance-level performance both in terms of accuracy and
AUC. We note that, with very high data imbalance, AUC is a much more effective
performance metric than accuracy. However, since we handled the large class
imbalance problem as part of our proposed approach, we believe it is appropriate
to then include accuracy for performance measurement.

5 Conclusion

In this work, we propose a patch-level classification method that utilizes a group
based training approach. By compartmentalizing training into sub-groups, we
decompose the original classification problem into smaller classification sub-
problems. We then develop models to solve each smaller sub-problem. Infor-
mation from these models are later aggregated using feature and decision fusion
approaches leading to a superior classification result. Furthermore, the method
also incorporates a cluster-based sampling strategy to solve the significant data
imbalance problem between positive and negative classes while maintaining slide-
level representation of all WSIs. This allows our approach to efficiently handle
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a large data source using limited computational resources. Strong patch-level
performance in our cross-validation and data fusion experiments validates our
claim. Future work should explore the transferable value of the patch level fea-
tures for slide-level predictions and verify on test set data. More ablation studies
is needed to further investigate the impact of various algorithmic parameters,
e.g, the initial clustering, number of clusters, complexity of tumor patches, etc.
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