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Abstract: 
            Ovarian cancer is one of the deadliest gynecological cancers because it is mostly diagnosed in its late stages and the 
heterogeneity of the tumor is complicated. Diagnosis and subtype-identification of ovarian cancer is still the gold standard of 
histopathology or Hematoxylin and Eosin (H&E) stained tissue slide. Nevertheless, the process of manually reviewing Whole 
Slide Images (WSIs) is time consuming and prone to inter-observer variation among pathologists. Recent developments in 
computational pathology and deep learning provide prospects of automated histopathological analysis. This paper suggests a 
Multi-Instance Learning (MIL) model of automated classification of the subtypes of ovarian cancer based on H&E-stained WSIs. 
In the suggested model, every WSI is represented as a bag of image patches, and the model will learn discriminative morphological 
patterns based on slide-level labels without the need of pixel-level annotations. The framework combines the use of the GPU to 
preprocess tissue, extract patches, feature embedding with the help of a pathology foundation model and aggregation with a 
transformer to obtain slide-level predictions. Attention-based aggregation is used to model spatial relationships between tissue 
patches to increase the performance of classification. The experimental findings indicate that the proposed framework attains a 
high classification accuracy and at the same time, it is computationally efficient to be implemented in the clinical environment. 
The results indicate potential of MIL-based deep learning methods to assist pathologists in automated classification of the subtypes 
of ovarian cancer and improve the diagnostic processes in the digital pathology. 
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I. INTRODUCTION 

Ovarian cancer is a highly aggressive gynecological cancer 
and the leading cause of cancer-associated deaths in women 
across the world. The correct classification of subtypes of 
ovarian cancer is a significant factor to consider in obtaining 
the right approach to treatment and forecasting the disease 
development [1]. The main diagnostic method applied in 
clinical practice is histopathology evaluation of the tissue 
samples stained with Hematoxylin and Eosin (H&E). As a 
result of the rapidly increasing use of digital pathology, glass 
slides are progressively being digitized into Whole Slide 
Images (WSIs), allowing histopathological data to be computed 
[2]. 

Even though the digital pathology opens new opportunities 
to the automated diagnosis, the analysis of the WSIs is hard to 
realize. Whole slide images are gigapixels in size and are in 
many cases gigapixels, so direct processing is computationally 
infeasible using standard deep learning tools. In addition, the 
vast majority of histopathology data sets lack annotations of the 
regions of interest in detail but instead, only indicate the slides 
in which they can be found. Traditionally supervised machine 

learning models are hard to train in this weak form of 
supervision environment [3]. 

Multi-Instance Learning (MIL) has become one of the 
promising paradigms of dealing with these issues. A WSI in the 
context of MIL is broken into smaller image patches which are 
considered as individual instances, and the slide is regarded as 
a bag of instances which is related to a single label [4]. The 
model is trained to detect the information that is relevant within 
several patches and combines that data to make a slide-level 
prediction. This method enables models to be trained on weakly 
labelled images and does not need pixel-wise annotations [3]. 

Nevertheless, numerous of the currently available MIL-
based schemes are based on primitive aggregation processes 
which disregard spatial connections between tissue subunits. 
The spatial cellular, tissue structure, and tumor location 
arrangement can be of significant diagnostic value in 
histopathology images. Such spatial dependencies can be 
neglected to make machine learning models less capable of 
detecting complex morphological patterns of various cancer 
subtypes [5]. 

This paper will overcome this drawback by suggesting a 
spatially-conscious Multi- Instance Learning model in the 
classification of ovarian cancer (based on whole slide images) 
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into different subtypes. The suggested model unites the state-
of-the-art feature extraction with a pathology foundation model 
and transformer-based MIL aggregation that has the ability to 
capture long-range correlations between patches in an image 
[6]. The framework seeks to enhance the classification 
accuracy and offer interpretable prediction using the attention 
mechanisms to provide spatial context of the slide, which can 
pinpoint the diagnostically relevant areas in the histopathology 
[7]. 

The primary value of the research is the creation of a 
computational pathology pipeline that can allow the analysis of 
gigapixel WSIs with weakly supervised deep learning methods 
efficiently. The framework suggested is expected to help 
pathologists to have automated help in classifying the subtypes 
of ovarian cancer and could be scaled to fit in the real-world 
clinical environment [8]. 

II.    RELATED WORK 

Deep learning in computational pathology has played a 
major role in further developing automated analysis of 
histopathological images. Whole slide imaging has made it 
possible to digitize tissue slides at very large resolutions with 
the advent of digital pathology, enabling machine learning 
algorithms and neural networks of scale to be used to analyze 
histological patterns [9]. Nevertheless, due to the gigapixel size 
of Whole Slide Images (WSIs), serious computational issues 
exist, because custom convolutional neural networks do not 
accept such large images. To overcome this drawback, 
numerous works have implemented patch-based analysis 
schemes whereby WSIs are subdivided into smaller units that 
can be handled separately by a deep learning model. These 
methods have demonstrated promising outcomes in a number 
of tasks such as tumor detection, cancer grading and subtype 
classification [10]. 

Multi-Instance Learning (MIL) has become one of the most 
effective paradigms of analyzing a WSI under weak 
supervision. Under the MIL system every slide is viewed as a 
set of image patches known as instances, but the entire slide is 
a bag of instances, which is labeled by the same label. Such 
formulation enables models to acquire discriminating patterns 
without having to annotate the pathological structures pixel by 
pixel [11]. Initial MIL methods mostly used basic aggregation 
methods like max pooling or mean pooling to aggregate 
instance-level prediction to make slide-level prediction. In spite 
of their computational efficiency, they can fail to conform to 
complex relationships between tissue regions and can overlook 
diagnostically significant contextual information that may be 
present across a range of patches [12]. 

To address these shortcomings, it was proposed to use 
attention-based MIL models in order to allow adaptive 
weighing of instances in the aggregation process. The attention 
mechanisms enable the model to place more emphasis on the 
regions which will give more significance to the ultimate 
prediction. The most significant architecture in this division is 
the Attention-based Deep MIL structure that presented a 
learnable attention mechanism that calculates weighted 
aggregations of instance embeddings [13]. This method 

contributed to the enhancement of interpretability in a 
significant manner as it allowed analyzing attention maps that 
used to visualize the areas of interest in the histological study. 
The model would be further improved by subsequent models 
like Clustering-constrained Attention MIL (CLAM) which 
added clustering constraints so that the model would learn more 
discriminative and diverse patches representations [3]. 

Although attention-based MIL models have been successful, 
a major drawback of the models is that they often consider 
image patches as independent aspects. However, the spatial 
organization of cells and tissue structures and tumor 
microenvironment can give significant diagnostic information 
in histopathological studies. The neglect of spatial relationships 
between the instances can thus lower the capability of models 
to represent meaningful morphological patterns [14]. Recently, 
it has introduced transformer based architectures to overcome 
this issue by using long-range dependencies between instances. 
The TransMIL is one of these methods, and it is an important 
contribution to the MIL-based computational pathology. 
TransformMIL can use the self-attention mechanism of 
transformers to focus the attention of each patch to other 
patches in the slide to enable the model to capture relationships 
among contexts of the entire structure of the tissue [15]. 

Quality of feature representations extracted out of image 
patches is another important factor in the performance of MIL 
models. Initial work usually relied on the convolutional neural 
networks that had been trained to use natural image data, like 
ImageNet, in order to produce patch embeddings [9]. Despite 
the fact that transfer learning on natural images can be useful in 
availing visual features, such models might not be fully 
effective in availing of the complex morphological features on 
the histopathology images. The recent studies have thus 
concentrated on creation of pathology-specific foundation 
models that are conditioned using great amounts of 
histopathology data. Their models can learn domain specific 
representations that can better represent cellular morphology, 
tissue structure, and histological phenotypes than general-
purpose image models [16]. 

Architectures based on Vision Transformer Vision 
Transformer architecture has demonstrated specific promise in 
the computational pathology. These models can be trained 
using extensive sets of histopathology patches with self-
supervised learning methods to learn highly expressive feature 
representations without using large amounts of manual 
annotations [17]. These embeddings have been observed to be 
very effective at downstream tasks such as tumor classification, 
tissue segmentation and biomarker prediction. These 
foundation model embeddings, combined with more recent 
MIL aggregation architectures, have thus been viewed as a 
more and more popular strategy in modern computational 
pathology pipelines [18]. 

To sum up, the existing literature shows that MIL systems 
can be used to effectively analyze weakly supervised 
histopathology and attention mechanism and transformer 
architecture enhance the performance of models in detecting 
relevant regions of whole slide images [19]. Nevertheless, there 
are still difficulties in the detection of the spatial interactions 
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between tissue regions and the use of high-quality feature 
representations to classify objects correctly. This paper is 
inspired by these constraints; it suggests a spatially-aware MIL 
architecture, which combines feature extraction in foundation 
models with aggregation using transformers to enhance 
automated subtype classification of whole slide images in 
ovarian cancer [20]. 

III .    MATERIALS AND METHODS 

A. Dataset Description 

It is a digital histopathology investigation where the sample 
tissues of ovarian cancers are stained using Hematoxylin and 
Eosin (H&E) stain. The slides are digitized in the form of 
Whole Slide Images (WSIs), high-resolution digital images that 
retain the fine structure of the tissue, and which is accompanied 
by a slide-level label describing the type of ovarian cancer. The 
dataset corresponds to a weakly supervised learning 
environment that is generally found in computational pathology 
as only slide-level labels are provided. A quality control was 
conducted to eliminate slides with significant artifacts, too 
much tissue folding, or staining loss, or too much area of the 
background. The data were then split into training, validation, 
and testing data to determine the generalization performance of 
the proposed framework [21]. 

B. Data Preprocessing 

  The images of the entire slide (WSIs) represent visual data of 
an extremely high resolution, and its direct processing cannot 
be performed in practice computationally. Hence, a 
preprocessing pipeline was applied, which can extract useful 
tissue areas and transform WSIs into trainable image patches. 
At the beginning tissue segmentation was done to distinguish 
between the foreground tissue and the background glass using 
grayscale conversion and thresholding with the help of Otsu. 
Noise and small artifacts were then eliminated with median 
filtering and gaps and smooth tissue boundaries were filled with 
morphological closing operations. Following the segmentation, 
both WSIs were separated into 256 x 256-pixel patches of the 
chosen magnification [22].  
Patches with too little tissue coverage were dropped to remove 
areas of the background and decrease the computational load. 
Stain normalization was used to correct the difference in 
staining on the slides to standardize the color distributions. The 
rest of the patches that are pulled off each slide constitute a set 
of instances depicting the slide. Under the Multi-Instance 
Learning (MIL) model, these instances make up a bag that is 
identical to the original WSI, and which is then fed through the 
feature embedding and MIL aggregation network to produce 
slide-level predictions [23]. 
 
C. Proposed Multi-Instance Learning Framework 
1) Study Design and Data Representation 
     The research has a quantitative computational pathology 
design. The representations of each WSI take the form of a bag 
X = (x1, x2, and so on, xK) of K image patches selected in 
tissue bearing areas. Each bag in the dataset has a subtype 

annotation, with which it is assigned a single subtype label y in 
a multi-class label space C [4]. 
 
2) Tissue Preprocessing and Patch Extraction 
     This is first subjected to a quality check to eliminate 
severely defocused, heavily folded or artifact contaminated 
ones. The remaining are handled by the tissue segmentation 
based on thumbnails to identify foreground tissue and 
background glass. Once the segmentation has been done, non-
overlapping or slightly overlapping patches are excised at a 
consistent level of magnification. A tissue-content filter is used 
to eliminate low-content background tiles in order to ensure 
that the remainder of the bag consists literally of diagnostically 
valuable material [24]. 
 
3) Patch-Level Feature Embedding 
     The framework is an initialization of training a 
convolutional encoder with a blank MLP, instead of using 
blank encoder MLP, UNI pathology foundation model is used 
to transform every patch into a dense feature vector. The 
rationale of this design is based on the capability of large self-
supervised pathology encoders to better encode cellular texture, 
nuclear atypia, stromal context, and tissue architecture, as 
compared to natural-image pretrained networks [25]. 
 
4) Spatially Aware MIL Aggregation 
       The patch embedding bag is pooled with TransMIL, an 
MIL architecture based on a transformer which does explicitly 
model instance-wise correlations. In contrast to max-pooling or 
attention-only MIL, TransMIL proposes self-attention on the 
patch set and adds the additional ingredient of Pyramid Position 
Encoding Generator (PPEG) to allow the model to capture 
spatial context when performing bag-level classification [15]. 
 
5) Training Strategy 
     Training on a model is done at a patient level to prevent 
leakage between training, validation and test partitions. The 
rec-strategy that is recommended is a stratified split or k-fold 
cross-validation strategy so that the proportion of subtypes is 
fairly distributed across folds. Weighted cross-entropy or focal 
loss can be applied to decrease the bias towards majority classes 
since Be-cause subtype datasets tend to be imbalanced [26].  
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Figure 1: Proposed MIL Framework Architecture 

 

IV.   EXPERIMENTAL SETUP  

In this section, the experimental setup detailing the 
assessment of the proposed Multi- Instance Learning (MIL) 
framework to the classification of ovarian cancer subtypes on 
the basis of whole slide images is outlined. Experimental setup 
will contain the baseline techniques that will be compared, 
performance measurement techniques that will be applied, and 
the training protocol that will be applied in optimization of the 
models [27]. 

In order to offer a reasonable comparison the suggested 
framework has been compared to various baseline MIL 
solutions that are commonly applied in computational 
pathology. These are the baseline models of the various 
aggregation techniques of weakly supervised WSI 

classification, such as pooling-based MIL and attention-based 
MIL. The experiments will be used to establish whether the 
proposed spatially aware architecture or the established spatial 
relationship modeling techniques will enhance performance of 
subtype classification [28]. 

Table 1 summarizes the baseline methods to be used in 
comparing the methods. These models are broadly used MIL 
models which vary in terms of their aggregation processes and 
the capacity to encode contextual relationships between 
instances. 

 
Table 1: Baseline Techniques in making comparative assessments 

Method Purpose in Evaluation 
Mean-pooling 
MIL 

Provides a simple bag-level baseline 
without learned instance weighting. 

Max-pooling 
MIL 

Tests whether subtype prediction can 
be driven by only the most activated 
instance. 

ABMIL 
Introduces attention-based weighting 
of instances while ignoring explicit 
spatial correlation. 

CLAM 
Represents a stronger, weakly 
supervised baseline with clustering-
aware attention. 

TransMIL 
(proposed) 

Captures inter-instance relationships 
and spatial context through 
transformer self-attention and PPEG. 

       
      Besides base line comparisons, several evaluation 
measurements were utilized to have an overall measure of 
classification performances. Because subtype classification is 
multi-class, the metrics chosen were aimed at evaluating the 
overall performance of classification as well as the individual 
predictive performance of the classes. These metrics measure a 
variety of aspects of model behavior, such as prediction 
accuracy, class discrimination ability and resistance to class 
imbalance [29]. 

 

Table 2: Primary evaluation metrics for subtype 
classification 

Metric Why It Matters 

Accuracy 
Provides an overall estimate of 
correct slide-level predictions. 

Macro-F1 score 
Balances precision and recall 
across classes and is less biased by 
class imbalance. 

One-vs-rest AUROC 
Evaluates how well the model 
separates each subtype from the 
remaining classes. 

Confusion matrix 
Shows which subtypes are most 
frequently confused and support 
targeted error analysis. 

Attention heatmaps 
Enable visual confirmation of 
whether the model attends 
plausible diagnostic regions. 
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      The dataset was divided into training, validation, and 
testing subsets during training because this was a way of having 
a fair evaluation of performances. The optimization of the 
model was done with a stochastic gradient based optimizer with 
early stopping on the basis of validation performance to avoid 
overfitting. The choice of hyperparameters was also done via 
validation experiments, followed by an assessment of the final 
model in terms of the independent test set. The experimental 
setup will make sure that the experimental results represent the 
generalization strength of the suggested framework when 
provided to unseen whole slide images [30]. 
 

 
Figure 2: Training and validation loss and accuracy curves of the proposed 
MIL model for ovarian cancer subtype classification - This figure indicates 
the training behavior of the proposed model in the number of epochs. The 
training error and validation error re 

 
V.   RESULT AND DISCUSSION 
 
A. Classification Performance 

  The framework proposed had a good performance in the 
assessment metrics used. The mechanism of aggregation via 
transformer allowed the model to successfully model 
relationships between tissue patches with better subtype 
classification performance than with conventional pooling-
based MIL models. Integration of foundation model 
embeddings also increased the capacity of the model to learn 
complicated histopathological patterns, such as cellular 
morphology and tissue organization [9]. 

The metrics of evaluation as shown in Table 2 indicate that 
the model is good in terms of accuracy, precision, recall, and 
F1-score that show balanced predictive capacity among several 
classes. Specifically, the transformer-based attention enabled 
the model to give attention to areas of the slide that were of 
diagnostics interest and reduce the effect of the surrounding or 
the non-informative tissue. The large practice values of the 
recall values also imply that the model can accurately classify 
most of the subtype cases, which is especially significant in 
clinical diagnostic support systems [31]. 
Generally, the findings indicate that the combination of 
pathology-specific feature embeddings and a spatially aware 
MIL aggregation mechanism can go a long way in helping the 
model to learn meaningful histopathological patterns using 
weakly-supervised whole slide images [32]. 
 
 

 
Figure 3 : Confusion matrix of the proposed model for ovarian cancer subtype 

classification on the test set - This figure shows the prediction results of the 
model by the five ovarian cancer subtypes, based on their different classes 

 

 
Figure 4 Classification report showing precision, recall, F1-score, support, 
and overall accuracy of the proposed ovarian cancer subtype classification 

model - This value is a summary of the performance of the model in terms of 
its detailed quantitative results 

B. Comparison with Baseline Methods 

     The model was tested against the various baseline MIL 
methods, which comprised mean-pooling MIL, max-pooling 
MIL, attention-based MIL and clustering-constrained attention 
MIL (CLAM). The experimental findings show that 
transformer-based aggregation has better performance than the 
traditional pooling strategies do. This is because simple 
pooling-based methods are likely to lose valuable contextual 
information since they do not pay attention to patch-level 
features in isolation but rather the architecture is designed to be 
a modeling of relationships between patches [33]. 

    MIL models (based on attention) performed better than 
simple pooling mechanisms because they used adaptive 
importance weights on patches. Nonetheless, such models 
continue processing patches in a relatively independent manner 
without completely modeling the spatial dependencies. By 
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comparison, the transformer-based architecture provides the 
possibility to conduct global contextual reasoning on the whole 
slide, with the model being able to identify interactions of 
various tissue regions [34]. 
     This has been especially critical in histopathology, where 
diagnostic patterns tend to be spatial interactions among tumor 
cells, stromal structures and tissue components around them. 
Consequently, the suggested framework is more robust in 
classification and more predictable in various ovarian cancer 
subtypes [35]. 
 

C. Model Interpretability and Clinical Implications 

A significant benefit of attention-based MIL architecture is 
that they can give interpretable predictions by visualizing 
attention. The attention scores can be inverted onto the original 
whole slide image to find out which parts of the tissue made the 
most significant contribution to the decision made by the 
model. Such attention heatmaps are informative regarding the 
morphological aspects learnt by the model [36]. 

In the suggested framework, the high-attention regions were 
commonly identified to be related to structures that had 
diagnostics significance including tumor cell clusters, stromal 
regions, and regions with a distinctive tissue architecture. This 
indicates that the model was able to acquire meaningful 
patterns of histopathology, as opposed to the insignificance of 
the visual artifacts. This is necessary to apply to clinical 
applications, in order that pathologists can check and confirm 
model predictions [37]. 

The capability to point out diagnostically important areas 
also has possible usefulness as a tool of clinical decision 
support. The system does not have to substitute pathologists, as 
it can be used to prioritize suspicious regions in large whole 
slide images, which makes digital pathology workflows more 
efficient. Such findings indicate how spatially aware MIL 
systems can assist automated histopathological diagnosis and 
enhance the accuracy of diagnoses in the classification of 
ovarian cancer [38]. 

 

 
 

Figure 5: Model Interpretability and Clinical Implications 

 
VI.  LIMITATIONS AND FUTURE WORK 

Despite the good results of the proposed Multi-
Instance Learning framework in the classification of ovarian 
cancer subtypes using whole slide images, there are still a 
number of limitations. The available study also depends only 
on slide level labels, which hinders the capacity of the model to 
expressly gain finer tumor region features. Also, the 

generalizability of the framework outside of the clinical settings 
where the data was gathered can be limited by the size of the 
data set and the variety of institutions represented in the sample. 
Randomness in staining procedures, preparation of slides and 
types of scanners can also cause domain shifts and compromise 
robustness of models. Moreover, MIL aggregation 
architectures which are based on transformers can be more 
computationally expensive to execute on large-scale whole 
slide images. 

The proposed framework can be improved in future 
studies to be stronger, scalable, and applicable to clinical areas. 
A number of possible enhancements are named to the current 
methodology to eliminate the shortcomings noticed in this 
study. 
 
A. Multi-Institutional Dataset Expansion 

 In the future, larger datasets with information obtained in 
various institutions should be included in the future research to 
enhance the generalization of the model. The images of 
histopathology can be extremely different in different hospitals 
because of the differences between staining process, scanning 
equipment, and tissue preparation. The structure could be 
trained on a wide range of multi-centers data to enable the 
model to be trained on more robust morphological 
representations and limit susceptibility to domain-specific 
variations [39]. 

 
B. Multimodal Clinical Data Integration 
      The other area of opportunity is the combination of 
multimodal medical data sources. Integration of histopathology 
imaging with other data like clinical data, radiological data, or 
molecular biomarkers can enhance the predictive power of the 
model. The use of Multimodal learning methods might allow 
the system to find out complementary diagnostic information 
that cannot be observed with tissue morphology [40]. 

C. Better Spatial Modeling MIL Architectures 

      Despite the fact that the introduction of transformer-based 
MIL aggregation enhances contextual reasoning of tissue 
patches, spatial modeling would also be improved to increase 
the quality of classification. Future research could consider 
hierarchical MIL structures or graph-based models, which can 
more effectively model structural interactions between tumor 
masses/units, stromal constituents, and the tissue 
microenvironment [41]. 

D. Optimal Model and Computer efficiency 

     Computational requirements of processing gigafilter whole 
slide images are still high. Further research is required on more 
efficient model structures and optimization to achieve a lower 
memory and computation cost and still achieve predictive 
accuracy. Other methods like hierarchical patch sampling, light 
transformer architectures or dynamic patch selection would be 
of much help in enhancing the scalability of the framework to 
a real-world clinical deployment [42]. 
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VII.   CONCLUSION  
 

      The paper presented a spatially conscious Multi-Instance 
Learning system of automated classification of subtypes of 
ovarian cancer based on whole slide histopathology images. 
The framework was able to learn the contextual relationships 
among tissue regions with weak supervision and be optimized 
with patch-level feature embeddings with transformer-based 
MIL aggregation. The experimental findings show that the 
suggested methodology has good classification performance 
and enhances the capacity to find diagnostically significant 
patterns in WSIs. These results demonstrate the promise of the 
future of computational pathology using sophisticated MIL 
systems in assisting pathologists and in improving automated 
diagnoses of cancer in digital pathology settings. 
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