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Abstract 
 

Prostate pathology analysis has been handled remarkably well by deep learning models. However, deep learning models in 

histopathology still face challenges in effectively modeling fine-grained, object-level features that are critical for a robust 

cancer assessment. Topological Data Analysis (TDA) has shown promise in addressing these issues but remains underexplored, 

particularly for whole-slide pathology applications. This is manifested in the nonexistent application of TDA on the slide level; 

an issue that significantly undermines their practical usability, and the non-utilization of the multi-magnification nature of 

Whole-slide Images (WSIs). Furthermore, existing studies are limited to small-scale datasets, thus challenging the validity of 

TDA in histopathology. In this work, we address these gaps by introducing Persistent Homology in Multiple Instance Learning 

(PMIL), the first adaptable TDA-based module within the MIL framework. We further propose the Cubic version cPMIL, 

utilizing the magnification factor in pathology images for filtration and unlocking an improved object-level modeling capability. 

We validate our approach on two prostate subtyping datasets, comparing against multiple state-of-the-art methods. Our 

proposed modules are developed offline, can be seamlessly plugged in any MIL pipeline, do not incur any additional expert 

annotation, operational within clinical limitations, user-friendly, and open-source. We provide a detailed guide for 

implementing the modules at github.com/ahmadobeid/PMIL. 
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1. Introduction 

Whole-slide images (WSI) have emerged as a cornerstone in 

computational pathology (CPath), where deep learning (DL) 

tools increasingly enhance or even replace traditional tasks 

such as mitosis detection, biopsy classification and tissue 

segmentation. Additionally, DL methods show promise in 

minimizing inter-observer variability and intra-observer 

inconsistency, while driving novel treatment strategies. This 

advancement made the clinical adoption of DL tools within 

reach, especially given the concurrent progress in medical AI 

applications, including diagnostic support through facial 

expression analysis,[1] rehabilitation systems using EMG 

signals,[2] and ultrasound-based disease classification,[3] in 

addition to other clinical domains.[4] 

The preparation of a histopathological slide consists of 

several phases, including the collection, staining, storage, and 

annotation stages. Oftentimes, artifacts and noise may occur 

in any of the stages. Compounded by sparse or inconsistent 

labels, the analysis of the heterogeneous cancer landscape, 

consisting of varied tissue structures, cellular overlap, 

irregular shapes, inflammation, necrosis, and inconsistent 

staining becomes a highly complex task. As such, advanced 

methods and algorithms are required, particularly as pertains 

to object-level modelling of nuclear and glandular structures 

in the histopathology image. Successfully achieving the latter 

while mitigating the effect of noise can lead to better decision 

making and interpretability. 

While morphological and chromatic features are usually 

successfully modelled through the convolution/attention 

operations in the RGB domain, the topology signature of the 

image offers irreplaceable insights that aid in image analysis 

and adds an extra layer of robustness against noisy elements 

in the RGB image. TDA offers a powerful method to analyse 

the shape and structure of data at both local and global scales. 

By modelling the data as a point cloud, TDA monitors the 

emergence (birth), fading (death), and persistence of 

topological features, such as connected components, loops, 

and voids, as a certain filtration parameter progresses. This  
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Fig. 1: TDA and MIL in histopathology. Patches are extracted from WSIs, from which we can create Bags of RGB images, Persistence 

Images (PIs), or Persistence Cubes (PCs) (a), both of them examples of Persistence Bags (PBs). The classical application of TDA in 

CPath (b,upper) is limited to the patches. Extending TDA to the full slide utilizes the MIL paradigm (b,lower), where either bags of 

Persistence Images or bags of Persistence Cubes are analysed. An aggregation network is used for RGB and PIs/PCs separately, after 

which, they are combined at the feature level. 

 

persistence effectively identifies meaningful patterns that are 

pertinent to prostate cancer subtyping. Secondly, these 

patterns are distinguished from noise and artifacts, as the 

modelling provides a natural filtering procedure of 

nonpersistent patterns. Finally, the extracted information is 

represented using precise tools like the Persistence Barcode or 

Persistence Diagram (PD), enabling robust, noise-resistant 

modelling of pathology images at the object level, including 

glands and nuclei. 

While TDA offers a promising avenue for capturing object-

level features in histopathology, its adoption remains hindered 

by several limitations. Existing approaches are confined to 

patch-level analysis and rely on detailed instance annotations. 

These settings diverge from clinical workflows and limit 

scalability. The PMIL module addresses these issues by 

introducing persistence-based topological features into the 

Multiple Instance Learning (MIL) framework, enabling full-

slide analysis using only slide-level labels. By creating 

Persistence Bags (PBs) of topological summaries (e.g., 

persistence images), PMIL captures structural patterns such as 

nuclear clustering and gland formation, and integrates them 

with standard RGB features in a modular, annotation-free 

manner. The cPMIL module further extends this by 

incorporating the magnification factor as a second filtration 

parameter. This allows cPMIL to extract scale-aware 

topological signatures through persistence cubes, capturing 

both fine-grained and coarse tissue structures across different 

magnification levels—thus mimicking the multi-scale 

reasoning used by pathologists during diagnosis. 

1.1 Related works 

Our work lies at the intersection of three main domains: 

Topological Data Analytics, Multiple Instance Learning in 

histopathology, and multi-parameter filtration. We will 

delineate the relevant works to better contextualize and 

highlight our contributions. 

 

A. Topological data analysis in CPath 

Incorporating topological features into DL models offers 

significant advantages, extending beyond the capabilities of 

convolutional and attention-based methods to capture and 

preserve categorically distinct features. Recently, TDA-based 

approaches have shown promising results in various machine 

learning (ML) and computer vision applications, especially 

histopathology analysis.[5,6] 

For example, TDA has been used to differentiate glandular 

structures between tumor and non-tumor regions.[7] Another 

study employed persistence homology profiles from slide 

patches within a K-Nearest Neighbour (KNN) model for 

classification.[8] Similarly, modelling glandular topology with 

TDA enhanced prostate cancer classification, outperforming 

the traditional Gleason grading system.[9,10] The Cell 

Community Forest (CCF)[11] integrates topological, 

appearance, and microenvironmental features, leveraging a 

graph neural network to combine features across different 

levels for a comprehensive image-level diagnosis. 

Additionally, PHG-Net[12] uses pixel intensity for filtration and 

encodes each point in the PD as a high-dimensional feature 

through multi-layer perceptrons (MLPs). 
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Further advances, such as Persistence Images (PI) and 

Persistence Landscapes (PL),[13,14] which transform PD into 

vectorized representations, have improved the compatibility of 

TDA with DL models. Faster TDA computation[7] has also 

increased its applicability in research.  

Despite these strengths, the potential for TDA in pathology 

remains underexplored, with existing applications limited 

primarily to patch-level analysis on small datasets. In turn, this 

makes the application of TDA in histopathology contingent on 

the existence of patch labels; a highly demanding condition 

which hinders its adoption in clinical practice. In this work, 

our aim is to align with data-efficient approaches such as the 

Multiple Instance Learning (MIL) framework, which requires 

only slide-level labels. We integrate TDA into slide-level 

classification and validate its utility in CPath through 

experiments on challenging large-scale datasets. 

 

B. Multiple instance learning in CPath 

Slide-level classification in histopathology often uses the MIL 

framework, which we adopt to implement TDA at the slide 

level. MIL methods are well-suited for handling slide-level 

labels, offering a resource-efficient alternative to obtaining 

detailed, fine-grained annotations. Attention-based MIL 

approaches, such as the Attention-Based Multiple Instance 

Learning (ABMIL) framework[15] improve interpretability by 

pinpointing key instances for classification, surpassing 

traditional methods like max-pooling and mean-pooling.[16] 

The Clustering-Constrained Attention MIL (CLAM) 

model[17] extends ABMIL by introducing separate attention 

pathways for different classes. Similarly, the Dual-Stream 

MIL (DSMIL) model[18] employs a dual-strategy mechanism 

to refine attention relationships, emphasizing critical instances. 

The double-tier feature distillation MIL (DTFD-MIL) model[19] 

further builds on ABMIL by integrating grad-CAM into the 

attention pathway, creating smaller “pseudo bags” from large 

data collections (“bags”) to extract features at both the pseudo 

and parent bag levels. Finally, the Attention-Challenging 

(ACMIL) model[20] aims to mitigate the over-concentration on 

a small subset of discriminative patches while ignoring a vast 

collection of other patches - a phenomenon observed in most 

attention-based MIL methods, and may be a source of 

overfitting. The authors utilize a multi-branch attention 

approach to accommodate the different patterns observed 

uniquely by different subsets of the slide. Additionally, the 

authors propose to randomly mask a subset of top-K 

discriminative instances, and assign their attention score to 

other, under-explored instances.  

Although these MIL approaches have significantly 

advanced slide-level pathology analysis and improved 

interpretability, their reliance on convolution and attention 

mechanisms in the RGB domain often limits their ability to 

achieve fine-grained object-level modelling. This focus on 

data efficiency comes at the expense of capturing the intricate 

structural and spatial relationships within histopathology 

images. The integration of topological representations, which 

can offer a richer semantic understanding, remains largely 

unexplored. TDA, with its straightforward implementation 

and seamless compatibility with existing workflows, presents 

an untapped opportunity to address this gap. By enabling a 

deeper and more robust modelling of histopathology objects-

such as nuclei neighbourhoods and glandular structures-TDA 

has the potential to elevate the MIL paradigm to a new level 

of precision and insight. 

 

C. Multiparameter filtration 

Existing TDA approaches in CPath are constrained not only 

due to their restriction to patch-level analysis but also their 

omission of the inherent multi-magnification information 

available in most histopathology datasets-a factor routinely 

utilized in clinical practice. To address this, we introduce a 

multi-parameter TDA approach as a means to exploit the 

multi-magnification potential of histopathology images. The 

theory of multi-parameter Persistent Homology (MPH) has 

garnered considerable attention in the literature,[21-23] with 

notable advancements such as the work of Vipond et al.[24] in 

CPath. Their method enhances basic TDA by incorporating an 

additional filtration parameter, co-density, to improve noise 

robustness. Like other approaches, the analysis of[24] begins 

with a point cloud of cells and is aligned with our own use of 

multiparameter TDA in CPath. However, it overlooks the 

critical multi-magnification factor inherently present in 

histopathology datasets. 

The contributions of this paper can be summarized as 

follows: 

1. We propose PMIL, the first MIL-based CPath module that 

integrates Persistence Homology at the whole-slide level 

2. We propose cPMIL, a cubic version of PMIL which utilizes 

the multi-magnification factor in pathology images. 

3. We implement PMIL and cPMIL in a modular fashion, 

allowing their deployment as a simple add-on to MIL 

approaches 

4. We run experiments on a large-scale pathology dataset and 

benchmark PMIL and cPMIL against several state-of-the-art 

methods, illustrating the ease and benefits of integrating the 

PMIL and cPMIL modules within Multiple-Instance Learning 

frameworks. 

 

2. Methodology 

In this section, we describe the general steps followed to 

establish the TDA pipeline, and integrate it in the MIL 

paradigm. Furthermore, we describe our novel magnification-

based TDA method. 

 

2.1 Extracting persistent homology features 

To analyse a histopathology image from a topology 

perspective is to quantify, analyse, and encode the geometric 

properties that are preserved under continuous deformations 

such as stretching and bending. Specifically, we are concerned 

with nuclear neighbourhoods and glandular structures; two 

highly beneficial biomarkers in cancer diagnosis, and 
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especially prostate subtyping. To that end, we focus on 

homology features, particularly 0𝑡ℎ-level homology (𝐻0) and 

1st-level homology (𝐻1). 𝐻0 measures the connectedness of a 

point cloud, while 𝐻1 captures loop-like structures within the 

data. By establishing a point-cloud that well represents the 

tumor microenvironment, we are able to condense a large 

amount of useful data into a precise and small-scale 

representation. 

We begin by extracting nuclear objects, and generate a 

point cloud reflecting the nuclei's spatial placement within the 

microenvironment. For this step, a pre-trained nuclei detector 

can be used such as the HoVer-Net model,[25] as well as simple 

thresholding and morphological operations. In this work, we 

utilize the latter over each patch to extract its nuclear content. 

We follow the work of[7] which involves a standardized 

pipeline: patches are first color-normalized using the Reinhard 

method,[26] followed by color deconvolution via Macenko’s 

approach to isolate the nuclear stain[27] Minimum cross-

entropy thresholding is then applied to segment the nuclear 

foreground. After normalizing the stain and segmenting the 

nuclear foreground, nuclei centroids are detected using a 

scale-adaptive Laplacian-of-Gaussian (LoG) filter, 

implemented as a fast Difference-of-Gaussian (DoG) 

approximation. This multiscale blob detection method 

effectively identifies nucleus-like structures, and is 

implemented in the open-source HistomicsTK toolkit. The 

arrangement of nuclei, their clutter, shape, and distribution are 

key elements in the diagnosis of a histopathology image and 

are encoded effectively using the 𝐻0  feature. Additionally, 

glands are identified as a circular arrangement of lymphocytes, 

and can be captured and analysed through the 𝐻1 feature. As 

such, the established point-cloud data is transformed into an 

instrumental representation of key biomarkers in the image 

that enhance the accuracy and sensitivity of cancer diagnosis. 

This process is illustrated in Fig. 2 with two pathology image 

examples.   

The process of constructing a topological signature from a 

point cloud begins by placing geometric balls with an initial 

radius 𝑟  around each nucleus. As 𝑟  gradually increases, 

nearby nuclei merge, forming local neighbourhoods known as 

a simplicial complex ζ𝑖 . This expansion continues until all 

nuclei collapse into a single connected component as  𝑟 → ∞. 

Each step in this filtration is recorded, resulting in the PD 

shown in Fig. 2(c). This structured growth, where a parameter-

controlled complex evolves through a nested sequence (ζ0 =
∅ ⊂ ζ1 ⊂ ζ2 … ⊂ ζ𝑛 =), is referred to as a filtration process. 

The simplicial complex derived from a point cloud (nuclei in 

our case), is known as a Vietoris-Rips complex. By analysing 

the profiles of 𝐻0  and 𝐻1 , we effectively characterize the 

spatial organization of nuclei and the structural distribution of 

glandular formations, respectively. 

A comparison of the PDs from two histopathology images 

illustrates the significance of topological features as shown in 

Fig. 2. In the upper image, which contains numerous glandular 

structures, many persistent  H1   features emerge early and 

remain for an extended duration, while these features are 

absent in the lower image. Conversely, the lower image 

exhibits a larger number of connected components (𝐻0) that 

persist longer. At the final radius, the upper image condenses 

into a single connected component, whereas the lower image 

retains multiple components at the same radius. These 

differences highlight TDA’s effectiveness in object-level  

 

 
Fig. 2: Persistence Diagram Extraction in CPath. Two pathology images are shown in (a). The upper row has more glandular objects 

than the lower row, which is less cluttered. Filtration using balls centred on each nucleus is shown in (b). The resulting Persistence 

Diagram for each image is shown in (c). 

https://www.espublisher.com/


Engineered Science                                                                                                                                                                                Research article 

 

Engineered Science Publisher                                                                                                                                    Eng. Sci., 2025, 38, 1905 | 5  

 
Fig. 3: The cPMIL module. Both the radius 𝑟 and the magnification factor 𝑚 are suitable filtration parameters as shown in (a). At 

radius 𝑟4 , two complete glands are discovered and persist for a long filtration range as revealed in (b, upper plot). In (b), the 

persistence diagrams are generated by fixing one parameter and filtering according to the other. 

 

modelling, reinforcing findings from previous studies.[9] 

 

2.2 Multiple instance learning 

With the rapid advancement in sensing technology, modern 

WSIs typically span extremely high resolutions and feature 

rich information content, which raises computational and 

memory challenges in most typical DL models. Consequently, 

DL pipelines often start by dividing the WSI into numerous 

smaller patches as illustrated in the first step in Fig. 1. In the 

MIL setting, the WSI is treated as a collection (“bag”), with 

each patch representing an element (“instance”) within the bag. 

Consider a WSI divided into 𝑁 patches 𝑥𝑖 ∈ 𝑋. Let 𝑌 ∈ {0,1} 

represent the label for the WSI 𝑋, and 𝑦𝑖 denote the label for 

each patch 𝑥𝑖.  

Due to resource limitations, it is typical that a pathologist 

would designate a label for the entire slide, without providing 

labels for the individual instances. In fact, this is where past 

attempts to integrate TDA in CPath diverge from clinical 

practice, that is, assuming accessibility to individual labels 𝑦𝑖. 

In contrast, the MIL setting allows access to 𝑌 only, making it 

more realistic and representative of clinical practice, yet more 

challenging to employ. 

The fundamental assumption of MIL posits that if 𝑌 = 0, 

then it follows that ∑ yi = 0, and if 𝑌 = 1 then ∑ 𝑦𝑖 > 0. MIL 

is typically operated according to:  

𝑧𝑖 = ℱ(𝑥𝑖), 𝑍 = ℋ(𝑧𝑖), 𝑌̂ = 𝒞(𝑍) (1) 

where ℱ  represents an instance-level feature extractor, ℋ 

denotes an aggregation network which assembles 𝑍 from the 

individual 𝑧𝑖 instances, and 𝒞 is a classifier head. Oftentimes, 

networks ℋ and 𝒞 are combined. 

2.3 Persistence images in MIL 

The Persistence Images in MIL (PMIL) module proposed in 

this work extends the MIL framework beyond the RGB 

domain. Fig. 1 illustrates the distinction between PMIL and 

the conventional approach to using TDA in histopathology. 

Similar to constructing bags of patches, the PMIL module 

creates bags of PIs. We refer to these as Persistence Bags (PBs) 

𝑋′. Each instance 𝑥𝑖
′ ∈ 𝑋′ is associated with an RGB patch 𝑥𝑖, 

and they share the same label 𝑌. The PMIL module analyses 

the PBs independently from their RGB counterparts, and a 

later fusion layer combines the two in a unified representation 

which integrates topological information with the typical 

chromatic/morphological features via the RGB-based 

operations. 

Several options exist to fuse the features of the PMIL 

module with the main stream, including feature fusion, 

decision-level fusion, and regularization via combined loss 

terms. In this work, we apply feature-level fusion using self-

attention over the combined feature vector 𝑍∗ = 𝑍 ⧺ 𝑍′ , 

where 𝑍 and 𝑍′ are the aggregated representations in Eq. (1) 

of the RGB and persistence images, respectively, and ⧺ 

denotes concatenation. Thus, Eq. (1) is modified to 𝑌̂ = 𝒞(𝑍∗). 

 

2.4 Magnification as a filtration parameter 

Most existing approaches follow the basic procedure of 

extracting topology features described in Section 2.1 

Extracting persistent homology features, where the 

filtration parameter is the radius 𝑟 of balls centred around each 

point in the cloud. In this work, we propose the utilization of 

an inherent complementary varying parameter, the 

magnification factor 𝑚 , which governs the scale at which 
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image patches are viewed and analysed. In particular, texture 

information, local connections including circular 

arrangements in glands, and other high-frequency phenomena 

are pronounced at high magnification, while global 

connections and other large-scale phenomena such as tumor- 

infiltrating lymphocytes (TILs), stromal distributions, and 

large-scale tissue architecture are filtered out. Conversely, at 

low magnification, global structural features and large-scale 

patterns dominate, while finer, high-frequency details are 

effectively filtered out. This duality in representation 

underscores the role of magnification as a filtration parameter, 

whereby varying 𝑚 for the same radius 𝑟 creates or eliminates 

significant topological biomarkers that are scale-dependent. 

This is demonstrated visually in Fig. 3(a).  

The persistence diagrams in Fig. 3(b) provides further 

insight. In the upper diagram, which represents the typical case, 

all initial connected components (𝐻0 objects), are born at early 

radii, converge gradually, and are terminated along the 

advancement of the radius parameter. Moreover, two 

persistent 𝐻1 objects are born late into the filtration. On the 

complementary view, the lower diagram is generated by fixing 

the radius at 𝑟4, at which the two 𝐻1 objects and the persistent 

𝐻0 objects are born, and decreasing the magnification factor. 

At the second stage of the filtration through 𝑚 , the two 𝐻1 

components are eliminated, alluding to their relatively-small 

sizes, which agrees with the visual assessment of the 

corresponding glands in the image. 

Concretely, consider the region depicted at the highest 

magnification 𝑚 = 0.25  𝜇𝑚/𝑝𝑖𝑥𝑒𝑙  (𝜇𝑝𝑝 ) in Fig. 3(a). The 

standard extraction of topological features identifies the 

existence of two glands as can be seen at 𝑟4. It is also possible 

to approximate the connectedness of nuclei through the 

average of the standard 𝐻0 persistence values. On the flip-side, 

by observing magnification 𝑚  as a filtration parameter and 

holding 𝑟  constant at 𝑟4 , decreasing the magnification view 

immediately terminates the two glands, providing an indirect 

yet intuitive estimate of gland sizes—a well-established 

biomarker with significant diagnostic value in 

histopathology.[28-30] Similarly, this approach applies to the 

assessment of nuclear density: compact nuclear regions 

collapse into fewer connected components at higher 

magnifications, while sparse regions remain disconnected for 

longer. This additional layer of information enables a more 

nuanced characterization of histopathological features, linking 

gland size and nuclear clutter to clinically relevant metrics.  

Moreover, considering the 2D case combining the 

variation of both parameters reveals additional benefits. In 

detail, observing the 𝑟-based persistence at multiple 𝑚 values, 

in contrast to a single value, provides a more holistic 

characterization of the tissue environment and establishes 𝑀 

persistence diagrams, 𝑃𝐷(𝑚), 1 ≤ 𝑚 ≤ 𝑀 , where 𝑀 

represents the available number of magnification views in the 

dataset, and 𝑃𝐷(𝑚) is the persistence diagram represented as 

a function of the parameter 𝑚. The basic implementation of 

TDA assumes 𝑀 = 1 , limiting the analysis to a single 

magnification e.g. 0.25 𝜇𝑝𝑝 . For example, when analysing 

TILs at such a magnification, the connectedness of the point-

cloud data representing infiltrating lymphocytes can be 

assessed through 𝐻0, revealing immune engagement and cell-

to-cell interaction. At smaller magnifications, 𝑚 =  1.0 𝜇𝑝𝑝, 

the spread of the immune response becomes discernible, 

offering complementary insights. By modelling these 

interactions across different scales within the tissue 

environment, this multi-scale approach enables a more 

comprehensive diagnosis of the slide. 

 

2.5 Filtering through magnification 

To model the 2D interactions as described above, the direct 

method involves building a 3D Persistence Diagram, from 

which a full persistence cube is extracted. However, unlike the 

parameter 𝑟, the magnification factor 𝑚 is not continuous, as 

most existing datasets provide a finite set of magnification  

 

 
Fig. 4: Patching the WSI is done on several magnifications. In the left image, both 1.0 𝜇pp (blue) and 0.5 𝜇pp (red) are shared by 

several regions. On the right, the PC is formed out of the different views, where across-radius and across-magnification convolution 

are both shown. 
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priors--usually around three to six. Consequently, to simplify 

the implementation of the 2D approach while preserving both 

cross-magnification and cross-radius interactions, we 

construct a sliced cubic representation of each regional 

topology persistence, where each slice corresponds to a 

magnification factor. In the persistence cube (PC), the highest 

magnification patch is centred around the region of interest, 

while lower magnifications extend to other regions. This is 

illustrated in Fig. 4. In other words, all PIs, except that of the 

highest magnification, are shared across neighbouring 

persistence PCs. Next, a 3D convolution is applied to the PC, 

thus modelling intra-magnification connections associated 

with the filtration parameter 𝑟 , and inter-magnification 

connections where the filtration parameter is 𝑚 . 

 

2.6 Optimizing performance, memory and computation 

The proposed modules explore an additional source of 

information that assists in the classification of cancers from 

histopathology images. The added information is represented 

in a condensed manner, allowing the improvement to come at 

a modest computational/memory overhead. In particular, the 

resolution of a persistence bag instance, 𝑥𝑖
′, is generally much 

smaller than 𝑥𝑖, making the storage of the additional bag and 

its processing inexpensive. This is especially pronounced with 

the cPMIL module. The bag of PCs does not only include an 

additional modality, but also expands to multiple 

magnifications. Higher magnification values may include far 

more instances representing a region of interest. In this case, 

the alternative, represented by creating RGB bags at higher 

magnification levels, would require a prohibitively expensive 

memory footprint. Worse still, the following cross-

magnification attention/convolution will also be prohibitively 

expensive. In detail, we estimate that this naive alternative 

would incur up to 4 − 6 ×  overhead in parameters, 

computation, and memory as illustrated in Table 1. On the 

other hand, with the PMIL and cPMIL modules, the overall 

number of trainable parameters and FLOPs remains low, 

increasing only by a factor of 1.66 × over vanilla MIL. Using 

the topology domain, we encode much valuable object-level 

information of a WSI into a small-scale, easy-to-analyse 

packet. 

A key advantage of our approach is the efficiency of 

computing persistence images for individual patches. 

Following,[7] the generation of a single persistence image is 

computationally lightweight. However, given the large 

number of patches in a single whole-slide image and the 

potentially large number of slides in a dataset, direct 

computation could still be prohibitive. Fortunately, computing 

persistence images is inherently embarrassingly parallelizable: 

each patch can be processed independently, and each slide can 

be analysed separately. This allows us to efficiently distribute 

computation across an HPC cluster, reducing processing time 

by a factor of proportional to the number of patches per slide, 

which could reach the thousands, particularly at high 

magnifications. In this paper, we leverage this parallelization, 

enabling us to generate bags of PIs and PCs for large-scale 

datasets in 2–3 hours. 

In addition, since RGB patches and PIs are both 2D images, 

they can be processed using similar architectures-whether 

convolutional or attention-based-enabling a straightforward 

parallel stream for 𝑥𝑖
′ that mirrors the processing stream for 𝑥𝑖. 

For PCs, their analysis extends naturally from 2D images to 

3D cubes, requiring only minor adjustments such as pre-

trained weight mapping and modifying the initial layer to 

accommodate cross-channel convolution. This modularity 

ensures that the PMIL and cPMIL modules can be seamlessly 

integrated into any MIL approach with minimal code 

modifications. 

Finally, by incorporating topological features, we 

introduce interpretable global representations that go far 

beyond pixel-level information. This improves the ability of 

pathologists to understand the underlying spatial structures of 

cellular components, such as nuclei and glandular formations, 

improving interpretability in clinical settings. This is in line 

with the growing demand for explainable AI in medical 

applications, which facilitates the adoption of deep learning 

tools in pathology. 

 

3. Implementation details 

For both the PMIL and cPMIL modules, the persistence 

information may represent 𝐻0 or 𝐻1 features, whether as bags 

of PIs or bags of PCs. Accordingly, we designate a dedicated 

 

Table 1: Comparison of computational and memory overhead across a vanilla MIL model (CLAM), the proposed PMIL/cPMIL 

modules, and a hypothetical multi-scale RGB-based alternative. Values are reported per sample and normalized with respect to MIL. 

The proposed modules achieve substantial performance gains with only modest increases in FLOPs and memory, while avoiding the 

prohibitive costs associated with multi-resolution RGB processing. The symbol (∼) indicates approximation. 

Metric MIL PMIL/cPMIL Multi-Scale RGB 

Trainable Params 0.97M 1.3M (1.66×) ~3.5M (4.4×) 

FLOPs 1.59 MFLOPs 2.64 MFLOPs (1.66×) ~6.5-8.0 MFLOPs (4-5×) 

VRAM Usage 1× ~1.6× ~3.5× 

Data RAM Usage 1× ~1.2× (PMIL)/ 

~ 2.5× (cPMIL) 

~6× 
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stream for each type, thus obtaining (c)PMIL-0 and (c)PMIL-

1 streams. Each stream follows the same procedure described 

earlier, where the persistence image/cube is processed, and 

fused with the RGB features. The features are obtained 

through a ResNet50 model, pre-trained on ImageNet, without 

its last layer, to extract a feature vector of length 𝑑 , where 

typically 𝑑 = 1024 . Herein, we deliberately exclude 

additional performance-enhancing techniques, such as data 

cleaning, stratified sampling, or pre-training the feature 

extractor on a histopathology-specific task. This ensures that 

the evaluation remains focused solely on the core design 

choices of our approach, preventing confounding effects from 

auxiliary optimizations. 

For both modules, the final classification results from the 

fusion of the decision levels across the 𝐻0  and 𝐻1  streams. 

This fusion mechanism demonstrably improves classification 

performance by leveraging the complementary nature of 

topological features captured at different homology levels. To 

preserve the integrity of each stream, we keep their error 

gradients independent, allowing each to specialize in learning 

its respective homology without cross-interference. At this 

stage, the decision-level fusion integrates both streams into a 

cohesive and synergistic representation, as substantiated by 

our experimental findings. 

 

4. Experiments 

4.1 Experimental setup 

We evaluated the two modules on the WSI classification task, 

comparing their performance against five widely used 

methods from the literature and two baseline approaches. The 

datasets used in this study are the SICAPv2[31] dataset and 

Prostate cANcer graDe Assessment (PANDA-train) Challenge 

dataset.[32] Among the two, SICAPv2 is considered a much 

smaller dataset, yet still representing a chance to evaluate our 

modules in the MIL setting.  

SICAPv2 contains 155 WSIs, each assigned a Gleason 

Score of 0, 3, 4, or 5. The dataset includes approximately 

18,000 labeled patches, but we discard the patch-level labels 

and use only the slide-level annotations. Unlike PANDA, 

SICAPv2 provides a single magnification level, making it 

applicable only to the PMIL module. 

PANDA-train consists of 11,000 WSIs, divided into 

training, validation, and testing sets. Each slide is labeled on a 

Gleason Score scale from 0 to 5. The WSIs vary in size and 

include three magnification levels, starting at 0.5 𝜇𝑝𝑝 . To 

ensure consistency with previous studies, RGB and PMIL 

experiments are conducted at 1.0 𝜇𝑝𝑝 . Both PANDA and 

SICAPv2 are publicly available datasets: PANDA is provided 

via Kaggle under a CC BY‑SA‑NC 4.0 license, and SICAPv2 

is released under a CC BY 4.0 license (non-commercial, 

attribution-only). 

All training and testing were performed on completely 

separate sets, following a 10-fold cross-validation strategy. 

Training was conducted on a single NVIDIA A100 GPU. 

In our experiments, we compare against several SOTA 

methods, and two baseline methods, where the vanilla 

implementation of each operates in the RGB domain only. In 

detail, the MeanMIL and MaxMIL methods serve as simple 

baselines that aggregate patch-level features using mean and 

max pooling, respectively. We also evaluate against 

established attention-based models, including ABMIL,[15] 

which uses a gated attention mechanism to assign importance 

scores to instances, and CLAM,[17] which extends ABMIL by 

employing class-specific attention heads. Additionally, we 

include DSMIL,[18] which identifies a critical instance to guide 

contrastive learning, ACMIL,[20] which mitigates attention 

overfitting through top-K masking, and DTFD-MIL,[19] which 

enhances multi-scale representation by forming pseudo-bags 

for hierarchical feature extraction. The PMIL module includes 

the bags of PIs, and the cPMIL module integrates the bags of 

PCs, as described in Section 2. Methodology. We report the 

results of slide-level classification using the accuracy (ACC) 

and area under the Receiver Operating Characteristic curve 

(AUC). 

 

4.2 Results 

The effect of implementing the topological features with 

magnification prior (cPMIL) or without (PMIL) are apparent 

by looking at the results of our experiments. Namely, Fig. 5 

compares between the different methods and the proposed 

modules. The positive effect of using the proposed modules is 

readily observed. Starting with the SICAPv2 dataset in Fig. 

5(a), the accuracy scores of five methods are improved upon 

the integration of the PMIL module out of seven, one observes 

no change, and one is slightly degraded. The AUC scores also 

undergo an an improvement over four methods, whereas some 

degradation is observed over the last two methods. The levels 

of improvement/degradation are detailed in Table 2. Notably, 

even the simple MeanMIL baseline benefits significantly from 

the integration of PMIL, achieving a 4.9% increase in 

accuracy on SICAPv2-highlighting the utility of topological 

features even in the absence of complex attention mechanisms. 

Despite small degradation in some cases, it is evident that most 

methods benefit from the integration of topology information. 

A more consistent pattern can be inferred over the larger, more 

challenging PANDA dataset. 

In the PANDA dataset, across all methods and over the two 

performance metrics, either one of the modules introduces an 

improvement over the vanilla implementation. The slight 

performance degradation incurred by incorporating the PMIL 

module into ABMIL is well compensated by a significant 

increase using the cPMIL method. The basic mean/max-

pooling methods achieve significant performance 

improvement upon the integration of the modules. 

More details can be gleaned from Table 2, where a 

significant improvement in the quality of cancer classification 

is observed. Specifically, the CLAM model,[17] which appears 

to perform the best as shown in Fig. 5(b), still achieves a 17% 

and a 7% increase in its accuracy and AUC, respectively, by 

augmenting it with the PMIL module. Similarly, the accuracy 
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Fig. 5: The performance comparison between the vanilla implementation of several methods and the proposed modules over the 

ACC (left) and AUC (right) metrics. SICAPv2 is in (a) and PANDA is in (b). 

 

Table 2: The percentage of performance change affected by the proposed modules over SOTA and baseline methods. Highest increase 

in each metric for each method is typed in Bold. Unavailable values are indicated by (-). 

Method PMIL cPMIL 

ACC AUC ACC AUC 

SICAPv2 

MeanMIL  ↑4.9% ↑0.8% - - 

MaxMIL ↓8.8% ↓5.4% - - 

ABMIL ↑4.3% ↓0.1% - - 

DTFD-MIL 0.0% ↑0.7% - - 
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Method PMIL cPMIL 

ACC AUC ACC AUC 

DSMIL ↑4.3% ↓3.1% - - 

CLAM ↑9.0% ↑0.7% - - 

ACMIL ↑4.5% ↑10.4% - - 

PANDA 

MeanMIL ↑22.3% ↑8.9% ↑2.2% ↑1.9% 

MaxMIL ↑10.7% ↑4.9% ↑3.4% ↑1.6% 

ABMIL ↓1.00% ↑0.5% ↑11% ↑3.3% 

DTFD-MIL ↑8.50% ↑4.0% ↑5.8% ↑3.0% 

DSMIL ↑6.80% ↑1.4% ↑6.8% ↑1.8% 

CLAM ↑17.3% ↑7.0% ↑6.4% ↑3.9% 

ACMIL ↑6.80% ↑2.4% ↑4.2% ↑3.3% 

 

of the ABMIL[15] model also improves by 10% and its AUC by 

3% utilizing the cPMIL module. Both modules yield similar 

levels of improvement over the DSMIL[18] method. 

Surprisingly, the second best method with a minute difference 

to CLAM[17] (equipped with PMIL) is the basic MeanMIL, 

upon equipping it with PMIL. Despite its simplicity, this 

method outperforms the vanilla implementation of all SOTA 

methods. 

A deeper insight is obtained by observing the characteristic 

of the patches attended to upon the integration of the topology 

features as can be seen in Fig. 6. In the first four columns, the 

pathologist assigned a Gleason grade 3, indicating moderate 

neoplastic differentiation of the glands. The PMIL module 

appears to enhance the CLAM model's attention to the distinct 

topology of this grade, as evidenced by the warped, semi-

circular glands that are highly attended to. In the last two 

columns, where the Gleason grades are 4 and 5, respectively, 

clusters of malignant cells forming disorganized, ill-defined 

glands receive more attention after implementing the PMIL 

module. Notably, this performance improvement, as 

evidenced by the experimental results, comes with no 

annotation overhead, i.e., without requiring any additional 

samples in the training set, and a minimal increase in the 

computation and memory requirements, as discussed in 

Section 2.6 Optimizing performance, memory and 

computation. 

 

 
Fig. 6: Visual comparison of attention heatmaps at 1.0 𝜇pp. Primary patches informing the diagnosis of a pathologist (upper row) 

are compared with the highly attended patches of the vanilla CLAM Reproduced from.[17] method (middle row) and the highly 

attended patches after plugging the PMIL module (lower row). 
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5. Discussion 

Despite increasing interest in integrating topological features 

into histopathology analysis, their potential remains largely 

untapped. This work aims to advance that frontier by tailoring 

TDA to the unique demands of computational pathology-

specifically, through its integration with the MIL paradigm and 

adaptation to multi-magnification WSI data. In what follows, 

we elaborate on key strengths of the proposed modules, offer 

deeper insights into their behavior, and discuss limitations that 

may inform future work. 

 

5.1 Quantifying nuclear density via average 𝑯𝟎 

While 𝐻1 features naturally capture glandular morphology, 𝐻0 

features provide a robust proxy for nuclear density and spatial 

organization. To empirically demonstrate this capability, Fig. 

7 visualizes the reciprocal average of 𝐻0  persistence values 

across representative pathology samples. While the distinction 

between samples iii, iv, and v may be somewhat clear, the 

clutter levels of the first two samples are less describable 

visually, and may be prone to high subjectivity.  

As such, the benefit of using topology is to project a 

quantifiable, objective description over the, otherwise, 

qualitative/visual attribute. Visually, it can be confirmed that a 

clear negative correlation exists between the average 

persistence in the 𝐻0  profile and the density of nuclei, 

validating the use of average 𝐻0 as a quantifiable biomarker 

for tissue density and organization. The benefit of this can be 

immense in segmentation models, conditioned diffusion 

synthesis, and other domains. 

 

 
Fig. 7: Inverse of average 𝐻0 persistence values plotted against representative tissue samples with varying nuclear clutter. A lower 

average 𝐻0 (higher inverse) correlates with increased nuclear density, supporting its utility as a quantifiable measure of nuclear clutter. 

 

5.2 Topological profiles across gleason grades 

The interpretability of TDA is further illustrated by contrasting 

topological summaries across Gleason grades. As shown in 

Fig. 8, samples from Gleason Grade 3 display semi-structured 

glandular formations, resulting in distinctive, persistent 𝐻1 

features. In contrast, Grade 5 samples exhibit highly disrupted 

tissue architecture, minimal loop structures, and densely 

packed nuclei, leading to diminished 𝐻1  signals and lower 

average 𝐻0  persistence. These findings echo clinical 

expectations and align with prior work,[9] reinforcing the 

diagnostic relevance of topological patterns. Importantly, such 

summaries enable global, interpretable characterizations of 

tissue morphology that go beyond pixel-level features and 

learned embeddings. 

 

5.3 Effect of nuclei detection 

The construction of persistent homology features in our 

framework begins with nuclei detection, as nuclei serve as 

critical biomarkers in the tumor microenvironment. 

Consequently, the accuracy of nuclei localization directly 

influences the quality of the resulting persistence diagrams. In 

this work, we deliberately opt for a simple thresholding-based 

method over more sophisticated, learning-based detectors 

such as HoVer-Net.[25] This decision is motivated by 

computational efficiency: traditional thresholding techniques 

offer substantial speedups and are highly scalable, particularly 

when deployed on distributed or low-resource computing 

platforms. 

To evaluate this trade-off, we compare the runtime 

performance across three histopathology datasets[25,33-34] of 

varying sizes, summarized in Table 3. The results highlight the 

practicality of the simpler method in large-scale settings, 

where the processing burden of deep models may be 

prohibitive. Furthermore, topological representations such as 

persistence diagrams inherently exhibit robustness to mild 

detection noise. Their focus on persistent topological features 

allows the model to tolerate moderate false positives and 

negatives without significant degradation in downstream 

performance. 

However, this design choice introduces limitations. 
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Fig. 8: Topological signatures of representative tissue samples from different Gleason Grade groups. Distinct patterns in 𝐻0 and 𝐻1 

persistence reflect differences in nuclear density and glandular organization across cancer grades. 

 

Table 3: Comparison of nuclei detection time across multiple histopathology datasets using HoVer-Net and a simple thresholding-

based method. 

Dataset Tile count Method Time (s) 

CoNSeP 41 HoVer-Net  

        Simple 

130.8 

1.870 

Lizard 238 HoVer-Net  

        Simple 

561.0 

5.550 

PanNuke 7901 HoVer-Net  

        Simple 

2567 

0.588 

 

Notably, simple thresholding lacks the capacity to differentiate 

between nuclear subtypes (e.g., lymphocytes, mitotic cells), 

which may hinder more granular topological analyses and 

limit biological interpretability. Although the current setup 

yielded strong results, incorporating more advanced detectors 

such as HoVer-Net in future iterations could enrich the 

extracted topological features with cell-type specificity. This 

could enable more refined modelling of histological structures, 

particularly in tasks involving immune infiltration or cell-

specific spatial patterns. 

 

5.4 Preliminary experimentation on homology levels 

We conducted a series of controlled experiments to analyse the 

effect of using individual homology levels—PMIL-0 ( 𝐻0 

only), PMIL-1 (𝐻1 only), and their feature-level fusion. For 

this part, we used the Camelyon16 dataset.[35] Results, 

summarized in Table 4, highlight several key observations. 

First, feature-level fusion does not universally yield additive 

benefits; for instance, in the case of DTFD-MIL, the combined 

features underperform the better individual stream. Second, 

decision-level fusion consistently outperforms both feature-

level fusion and individual streams. This suggests that 𝐻0 and 

𝐻1  capture complementary, yet semantically distinct, 

information that is better preserved when error gradients are 

isolated during training. 

Notably, feature-level fusion introduces a nontrivial 

memory overhead, particularly in the case of cPMIL where 

each cube contains multiple magnification slices. In contrast,  
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Table 4: Preliminary experimentation on the Camleyon16 dataset reveals the strength of decision-level fusion over individual streams 

and feature-level fusion. 

Method PMIL PMIL-0 PMIL-1 Feature-Fusion 

MeanMIL 0.729 | 0.939 0.716 | 0.939 0.711 | 0.931 - 

MaxMIL 0.610 | 0.872 0.605 | 0.863 0.591 | 0.860 - 

DTFD-MIL 0.602 | 0.855 0.576 | 0.845 0.586 | 0.845 0.582 | 0.841 

our modular decision-level fusion allows each stream to 

operate independently, reducing memory usage and enabling 

more efficient optimization. This architectural decoupling not 

only promotes interpretability but also ensures scalability 

across increasingly complex WSI datasets. 

 

5.5 Strengths, limitations and future directions 

A major strength of the proposed PMIL and cPMIL modules 

lies in their modularity and seamless integration. These 

components require no architectural changes to existing MIL 

backbones and can be inserted with minimal code 

modifications. Importantly, they introduce topological 

descriptors-such as persistence of glandular loops or nuclear 

clustering-that are not only complementary to RGB features 

but also interpretable. This contributes to model 

trustworthiness, as these features can be visualized, verified 

by experts, and linked to known histopathological biomarkers. 

Such interpretability is particularly aligned with the growing 

emphasis on explainable AI in digital pathology, a prerequisite 

for clinical deployment. 

In terms of comparative performance, our modules 

consistently improved accuracy and AUC when integrated 

with several state-of-the-art MIL methods, including CLAM, 

DSMIL, and ABMIL. Unlike these models, which rely solely 

on chromatic and morphological cues, PMIL and cPMIL offer 

robust, object-level modelling that captures spatial and 

structural irregularities overlooked by conventional attention 

or convolutional layers. This allows our approach to excel in 

noisy, artifact-laden, or poorly segmented regions-scenarios 

common in real-world pathology slides. 

From a clinical perspective, the ability of topological 

features to reflect gland disruption and nuclear disorganization 

offers a quantifiable layer of decision support in tasks like 

Gleason grading. This could assist pathologists in making 

more consistent diagnoses, reduce inter-observer variability, 

and enable scalable computational screening-especially 

valuable in low-resource settings or high-throughput 

environments. 

However, this study also has a few limitations. First, our 

experiments are limited to prostate cancer. While the modules 

were evaluated on glandular structures specific to prostate 

histopathology, the formulation of PMIL and cPMIL is 

agnostic to the tissue type and can be directly applied to other 

cancers where spatial topology is informative. In particular, 

cancers such as breast, colorectal, and lung adenocarcinomas, 

which also exhibit architectural complexity, are promising 

candidates for extension. Future work should validate the 

generalizability of PMIL and cPMIL to other cancer types, 

such as breast and colorectal cancers, which also exhibit 

complex glandular architectures. Second, although we 

incorporated multi-magnification features, the filtration 

process relies on discrete magnification levels. More advanced 

techniques, such as continuous or differentiable filtration, 

could enhance both the expressiveness and end-to-end 

trainability of the modules. Lastly, the computation of 

persistence diagrams, while parallelizable and efficient for 

moderate datasets, may still pose scalability issues for ultra-

large cohorts or resource-limited labs. 

 

6. Conclusion 

In this work, we have introduced PMIL and cPMIL, two 

versatile modules for modelling object-level information in 

histopathology images, and integrated them into five state-of-

the-art MIL-based WSI classification pipelines and two 

baseline MIL methods. PMIL extracts topological features 

from pathology images by constructing Persistence Bags, 

which simulate the MIL framework's bag-of-instances 

structure. The cPMIL module extends this idea through the 

Bags of Persistence Cubes, to leverage the multi-

magnification factor inherent in WSI datasets, mimicking the 

clinical practice of forming a final diagnosis based on 

differently magnified views. Through experiments on two 

challenging pathology datasets, we demonstrated that 

integrating topological features improves classification 

performance, as reflected in higher accuracy and AUC scores, 

and pronounced attention to glandular formations. This 

improvement is achieved without requiring additional 

annotated training data and with minimal memory and 

computational overhead. These results underscore the 

importance of topological features in histopathology analysis, 

an area still underexplored in computational pathology. To our 

knowledge, these modules are the first of their kind to apply 

TDA across entire WSIs.  

As a future direction, our aim is to explore more efficient 

topological complexes, such as the Witness Complex,[36] to 

improve computational efficiency. We hope this will help 

integrate topological analysis more seamlessly into future 

CPath research. Moreover, our current approach extracts a 

persistence image at each magnification level and 

concatenates the results into the persistence cube. We aim to 

explore a sparse and efficient alternative that explores the 

optimal filtration path in the (𝑚, 𝑟) plane shown in Fig. 3. 
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