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ABSTRACT

Due to their high information density, Whole Slide Images (WSIs) are considered invaluable tools for survival
analysis. Many existing Multiple Instance Learning (MIL) frameworks for this task rely on a ResNet50 backbone
pre-trained on natural images. In this work, we leverage recently introduced histopathology foundation models,
such as UNT and Hibou, to improve the predictive prowess of existing MIL frameworks. Additionally, we demon-
strate that deploying an ensemble of digital pathology foundation models yields higher accuracy, although the
gains diminish when applied to more complex MIL architectures.

Keywords: Medical Image Analysis, Multiple Instance Learning, Whole Slide Images, Digital Pathology, Sur-
vival Analysis, Model Ensembles, Foundation Models.

1. INTRODUCTION

Whole Slide Images (WSIs) are obtained from the digitization of histopathological glass slides and are the primary
imaging modality in digital pathology.! Their ultra-high resolution allows multi-scale inspection, allowing users
to zoom in for detailed examination of tissue features.! WSIs are typically prepared using Hematoxylin and
Eosin (H&E) staining, which highlights nuclei in blue and cytoplasmic components in pink, enabling detailed
morphological analysis.?

Digital pathology applies computational techniques to WSIs for tasks such as cancer classification, tumor
subtyping, and survival analysis.! In clinical settings, survival analysis plays a critical role, as it estimates the
time to significant clinical events, such as death or disease recurrence.

Traditional survival analysis techniques, including Cox proportional hazards and Kaplan-Meier models rely
on handcrafted features.® In contrast, deep learning enables automated extraction of rich, unstructured image
features. Early approaches, such as DeepConvSurv,* apply Convolutional Neural Networks (CNNs) to WSI
patches but depended on manually annotated regions. Later methods, like the one presented in,” address this
through random patch sampling and clustering, though they still require separate dimensionality reduction and
lack end-to-end training.

Due to the enormous size of WSIs and the high resulting cost of obtaining pixel-level annotations, directly
training neural networks on WSIs is not feasible.! Multiple Instance Learning (MIL) has emerged as a practical
approach. Most MIL-based methods use ResNet50,6 pre-trained on the ImageNet dataset,” as a feature extractor
followed by a pooling mechanism.
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Progress in computer vision is recently driven by Self-Supervised Learning (SSL) on large-scale datasets. SSL
operates by leveraging unlabeled data to learn robust visual representations through pretext tasks without relying
on manual annotations.® SSL models are first pre-trained on these pretext tasks to capture general features and
are then fine-tuned on downstream tasks, allowing them to effectively adapt to specific applications.® These pre-
trained networks, often referred to as foundation models, have gained significant traction in digital pathology.
Notably, models such as UNI? and Hibou'? are developed through SSL-based pre-training on large collections of
unlabeled WSIs, enabling them to capture pathology-specific visual representations.

In this work, we aim to provide a comprehensive evaluation of MIL-based survival analysis neural networks,
focusing on their performance when leveraging ResNet50, UNI, and Hibou. We also propose a unique strategy
of combining multiple feature extractors to boost the prognostic accuracy of end-to-end MIL architectures.
While multiple works investigate the performance of foundation models on WSI classification'!'!? and cancer
subtyping,'® no other manuscript focuses specifically on survival analysis to the best of our knowledge.

2. RELATED WORK
2.1 Multiple Instance Learning

MIL is a weakly supervised learning paradigm which is widely adopted in workflows related to WSI analysis. In
a typical binary classification problem, a sequence of images X = {X7, X3, ..., Xn} are used to train a network
that can predict a label y, € {0,1}, for k = {1,2,..., N}. However, in the case of MIL, each image X}, is a bag
composed of a sequence of M instances denoted by Xy = {zg1,Zk2,...,Tkar} - A label is provided for the bag,
but individual instances remain unlabeled. Mathematically, this can be expressed as:

_ | 1, if there exists any instance z,, = 1 within the bag Xj, (1)
Yk = 0, otherwise.

The standard MIL assumption is that individual instances are statistically independent from each other and
that their ordering does not affect the MIL algorithm’s operation. This problem formulation can be extended
to multi-class classification and survival analysis. A key challenge in MIL is the weakly supervised nature of
the problem, where predictions must be made at the bag level despite not having labels for individual instances
within the bag. There exist two approaches for tackling MIL problems:

1. Instance-level approach: Each instance is assigned a score by a neural network and these scores are subse-
quently pooled.'*

2. Embedding-level approach: Bag instances are converted into compact embeddings providing a matrix of
embeddings for each bag. MIL pooling is subsequently used for the downstream task.'®

The latter approach is often preferred as it avoids introducing further bias into the classification network.'®
Following feature extraction, a number of MIL aggregation mechanisms can be applied. Mean-pooling and
max-pooling are the earliest aggregation techniques introduced.'® Ilse et al. propose leveraging the attention
mechanism, which forms the foundation of the Vision Transformer (ViT) architecture,!” as a powerful instance
aggregation method.'® Subsequent architectures such as TransMIL'® leverage the ViT architecture and others

introduce approaches to alleviate the high computational load associated with training ViTs. Examples include
S4MIL?° and MambaMIL.%!

2.2 Digital Pathology Foundation Models

SSL models are pre-trained on vast unlabeled datasets and subsequently fine-tuned on smaller, labeled, task-
specific datasets.® This approach has seen great success in natural language processing and is now established
in computer vision. Examples of pretext tasks include predicting an object’s rotation angle or reconstructing
missing image patches.®

The most popular backbone choices for pretext tasks include ResNet variants and ViTs.® Among SSL
frameworks, Image BERT Pretraining with Online Tokenizer (iBOT) and Distillation with No Labels Version



2 (DINOv2) have become prominent for ViT pre-training because of their effectiveness in learning high-quality
visual features. The iBOT framework employs a masked auto-encoder approach by training models to predict
masked-out patches in images.?? This helps the ViT backbone learn contextual relationships, a challenge typically
faced by ViTs. DINOv2 utilizes a different learning strategy known as self-distillation.?® In this approach, the
model learns by comparing and aligning its representations across augmented views of the same image, enabling
it to capture semantic features without reliance on labeled data.?3

The success of the DINOv2 network in particular has motivated the release of several foundation models in
the digital pathology domain. Recently released cases include the UNI model? by Mahmood Lab and the Hibou
family of models'® by HistAl. The UNI model was pre-trained on the Mass-100K dataset, which consists of
over 100,000 Formalin-Fixed, Paraffin-Embedded (FFPE) Hematoxylin and Eosin (H&E) WSIs collected from
Massachusetts General Hospital (MGH) and Brigham and Women’s Hospital (BWH), as well as external slides
from the GTEx consortium.” The pre-training process mimics the steps followed in the development of the
DINOv2 framework.?

DINOv2 with Registers enhances the original DINOv2 by introducing additional tokens, otherwise known as
registers, to mitigate artifacts observed in the original framework’s attention maps.?* The Hibou model family
adopts this framework for model training. Similarly to UNI, HistAI’s models were pre-trained on a private
dataset of approximately 1 million images.!? This collection of images includes non H&E and cytology slides.!?
The inclusion of these different types of WSIs aims to bolster dataset diversity and thus the model’s ability to
capture generalizable features.

3. METHODOLOGY

We tackle survival analysis as a weakly supervised slide-level task and we adopt the convention of fine-tuning a
number of MIL frameworks following WSI feature extraction from backbone models. We utilize the Clustering-
constrained Attention Multiple Instance Learning (CLAM) framework?® to separate tissue content from back-
ground, divide WSIs into patches, and convert them into feature representations. CLAM employs median
blurring, thresholding and morphological closing to obtain a segmented tissue mask. This segmented region is
then divided into patches. The process is illustrated in Figure 1.

Figure 1: Illustration of the tissue segmentation process. The left panel shows the original whole slide image,
while the right panel demonstrates the application of segmentation techniques, including thresholding, median
blurring, and morphological operations, to identify and highlight the tissue regions (outlined in green). The
boundaries of WSI regions with holes are drawn in blue.
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Figure 2: Overview of single backbone training strategy

We extract patches at 10x magnification and we perform feature extraction using ResNet50, UNI, and Hibou-
Base. Subsequently, we train several downstream MIL frameworks, including MeanMIL, MaxMIL, Attention-
based Multiple Instance Learning (ABMIL),'® and TransMIL.!? We summarize our approach in Figure 2.

Additionally, we explore foundation model ensembles based on tile embeddings through feature concatenation.
A feature extractor f; transforms a given WSI X, into a feature matrix F, € R™*? where n;, denotes the number
of segmented patches for the k** WSI and d denotes the embedding space dimension. We therefore obtain a
feature representation G mathematically defined as:

Fq
F
a-|.| @)
Fy
where F; for i = 1,..., N denotes the i*" feature matrix and N is the total number of feature extractors under

consideration. Following feature extraction, a trainable downstream MIL mechanism m(.) converts the feature
map into a slide-level risk prediction h: .

h=m(G) (3)
We provide a graphical summary of the ensemble approach in Figure 3.

Figure 2 and Figure 3 depict MIL-based neural network architectures for slide-level risk prediction. In both,
the CLAM network segments tissue, tessellates WSIs into patches, and encodes these into feature vectors. In
Figure 2, a single feature extractor is used (i.e. N = 1), whereas in Figure 3, embeddings from multiple extractors
are vertically concatenated into a unified feature vector, which is then passed to the downstream MIL network
for patient-level risk prediction.

4. EXPERIMENTS & RESULTS
4.1 Datasets

We use WSIs from the publicly available TCGA database, and specifically the Bladder Urothelial Carcinoma
(BLCA), the Lung Adenocarcinoma (LUAD), and the Breast Invasive Carcinoma (BRCA) cohorts. We select
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Figure 3: Overview of feature extractor ensemble training strategy

FFPE H&E diagnostic slides for each cohort and we follow the convention of using one WSI per patient by
selecting slides having "DX1” in their TCGA identifier. According to the TCGA documentation, the ”DX” label
denotes a diagnostic slide. A large number of patients have multiple "DX” slides but not all. This selection
process yields N = 373, N = 443 and N = 1061 WSIs for BLCA, LUAD, and BRCA respectively. Survival
analysis datasets comprise both censored and uncensored observations. Uncensored observations correspond to
patients with known survival times, while censored observations pertain to patients for whom survival time is
not recorded, often because the patient was alive at the time of analysis. Figure 4 illustrates the distribution the
distribution of censored and uncensored patients across each dataset, with the proportion of censored patients
to the total number of patients being approximately 45% for the BLCA, 65% for the LUAD and 86% for the
BRCA dataset respectively.

4.2 Implementation Details

Table 1 lists the dimension of the feature vector produced by each backbone along with the total number of
parameters used during the pre-training phase. The same information for all model ensembles is provided in
Table A.1 in Appendix A. We use the Negative Log Likelihood (NLL) as a bag-level loss function to train the
aforementioned MIL networks and the concordance index to assess their prognostic accuracy. The number of
trainable parameters for every MIL method is provided in Table B.1 in Appendix B. We divide the TCGA
cohorts into train and validation sets and we report the results after applying K-fold cross validation (K = 5).

Our codebase is inspired by the MambaMIL framework,?! and we build upon its publicly available im-
plementation. The project is implemented in PyTorch, and our code repository can be found at https:
//github.com/MarioPaps/WSI-Survival-Analysis-ImageNet-vs-Digital-Pathology-Backbones.git. For
training, we use the Adam optimizer and we set the batch size equal to 1 because the number of patches extracted
for each WSI varies. We therefore perform backpropagation using gradient accumulation with the number of
steps set to 32. Furthermore, we leverage early stopping and regularization to combat overfitting.
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Figure 4: Distribution of censored and uncensored patients in each TCGA dataset

Table 1: Embedding dimensions of feature extractors used in the study

Feature Extractor | Embedding Dimension | Number of Parameters
ResNet50 1024 25,557,032 ~ 25.6 M
UNI 1024 303, 350, 784 ~ 303 M
Hibou-Base 768 8,5741,056 ~ 8.6 M

4.3 Model Training & Evaluation

We approach survival analysis as an ordinal regression problem in this manuscript. The neural networks are

trained to predict the correct temporal order of death occurrences by leveraging the ordinal structure of survival

data. In real-world settings, patient survival data is frequently censored, which means the exact time of an

event, such as death or disease recurrence, is not observed for every patient.2® We therefore define the censoring
indicator variable d; for patient i as follows:

5 — { 1, patient experienced death event by end of study (uncensored observation) (@)

* 71 0, patient did not experience death event by end of study (censored observation)

We denote by t; the OS time of patient 7 and the associated risk by r;. A pair of patients (i,5) where the j**
patient has a longer survival time than the i'" (¢; > t;) patient is considered concordant if r; > r; and assuming
that patient 7 has experienced death event by the end of the observation period. The concordance index is thus
mathematically defined in Equation 5 as follows, in accordance with?” :

. 1
concordance index = N Z Z I[r; >rj], (5)
1€{1...N|§;=1} t; >1;

where N denotes the number of usable pairs and I(.) denotes the indicator function defined in Equation 6 as :

1, condition X is satisfied
0, condition X is not satisfied

0 = { (6)

The concordance index can be more simply viewed as the ratio of the number of concordant pairs divided by the
total number of pairs that can be evaluated.



We follow the approach of dividing the continuous time axis into @) discrete time bins defined by the intervals
[0,51),[B1,082), s [Ba-1,Bg], where 0 = By < 1 < f2 < --- < Bg. The neural network layer is thus equipped
with @ distinct neurons and predicts the discrete hazard. We utilize Q = 4 bins in this study. The discrete
hazard is otherwise referred to as risk and is defined as the conditional probability of a death event being recorded
at time ¢, assuming the patient has survived until time ¢. We note that time ¢ corresponds to a specific time bin
in this formulation. The discrete hazard is mathematically expressed in Equation 7 as:

h(t|X) = P(T = t|T > t, X), (7)

where X denotes the covariates or input features provided to the model and T denotes the time-to-event variable.
The hazard function is constrained to the range [0,1] by applying a suitable activation function, typically a
sigmoid function. The survival function in Equation 8 is obtained from the discrete hazard as follows:

S(X) = P(T > |X) = II3Zh (1 — h(s|X)) (8)

The probability of survival at each time step s is given by (1—h(s|X)), where we use h(s|X) to denote the hazard
probability. Therefore, the cumulative probability up to time ¢ is obtained by multiplying the probabilities at
each prior time step s, as indicated in Equation 8.

We adopt the NLL function as the loss function for our experiments. Because of censoring, the NLL objective
function is composed of two components: a censored 1oss Lcensored and an uncensored loss term Lyncensored -

Ny
Luncensored = — Z 52' [log h(tz ‘XZ) + log S(ti ‘Xz)jl (9)
=1
NC
Ecensored - _Z ((1 - 62)10g5(tz|X1))7 (10)
i=1

where 7 is the indexing variable, §; denotes the censoring status of the i-th patient, and ¢; represents the corre-
sponding time bin. We denote the number of uncensored and censored observations by N, and N, respectively
and it follows that the total number of patients is given by N, + N.. We therefore obtain the complete NLL loss
function in Equation 11 as a sum of the two components :

L= ‘Cuncensored + Ecensored (11)

4.4 Results

We report the 5—fold validation results by listing the concordance index and the standard deviation for every
TCGA cohort in Table 2. We also list the concordance index values achieved by two model ensembles, ResNet50
with UNI and UNI with Hibou-Base, in Table 3. We use bold font in Table 2 to highlight the entries which
correspond to the highest concordance index for each MIL network when using a specific feature extractor.
Similarly, bold font in Table 3 indicates the ensemble of feature extractors that achieves the highest prognostic
accuracy.

Figure 5 presents the Kaplan-Meier survival curves obtained from each feature extractor after training with
the ABMIL'® network . A neural network is considered effective in distinguishing between low-risk and high-risk
patients if the p-value from the log-rank test satisfies the condition p < 0.05. As shown in Figures 5¢ and 5d,
the histopathological feature extractors satisfy this condition. However, the p-value for the ResNet50 network
in Figure 5b slightly exceeds 0.05, which suggests that the ResNetb0 network extracted less robust features for
survival estimation.



Table 2: Concordance index values for different MIL methods across TCGA cohorts

MIL Method \ BLCA LUAD BRCA Average
ResNet50

MeanMIL™® 0.536 & 0.072 0.580 + 0.021 0.567 + 0.061 0.561 4+ 0.063
MaxMIL® 0.543 4 0.044 | 0.596 & 0.044 0.570 4 0.049 0.570 & 0.056
ABMIL™ 0.570 4+ 0.069 0.594 + 0.031 0.565 4+ 0.040 0.576 + 0.061
TransMIL™ 0.528 4+ 0.049 0.597 + 0.063 0.591 4+ 0.053 0.560 + 0.051

UNI

MeanMIL'® 0.570 4+ 0.05 0.603 4+ 0.030 0.597 + 0.085 | 0.590 + 0.073
MaxMIL'® 0.530 & 0.042 | 0.625 &+ 0.076 | 0.610 & 0.092 | 0.588 & 0.089
ABMIL'® 0.601 + 0.046 | 0.605 + 0.061 0.616 4+ 0.066 | 0.607 + 0.071
TransMILY | 0.565 + 0.014 0.602 &+ 0.047 0.628 + 0.053 | 0.598 + 0.051

Hibou-Base

MeanMIL'® 0.572 + 0.036 | 0.614 &+ 0.073 0.575 4+ 0.089 0.587 + 0.085
MaxMIL0 0.518 + 0.031 0.605 + 0.073 0.550 4+ 0.080 0.558 4+ 0.080
ABMIL™ 0.570 4 0.043 0.565 4 0.080 0.617 4+ 0.085 | 0.584 + 0.088
TransMIL™ 0.542 £ 0.053 0.611 + 0.034 0.557 4+ 0.045 0.570 4+ 0.055

Table 3: Concordance index values for feature ensembles of MIL methods across TCGA cohorts
MIL Method \ BLCA \ LUAD \ BRCA \ Average
ResNet50+UNI

MeanMIL'6 0.591 4 0.028 0.586 + 0.064 0.581 + 0.080 0.586 4+ 0.075
MaxMILT® 0.527 4+ 0.050 0.603 + 0.049 0.585 + 0.089 0.572 4+ 0.080
ABMIL™® 0.596 + 0.034 0.600 + 0.083 0.606 + 0.063 0.601 4+ 0.078
TransMIL™ | 0.580 + 0.033 0.589 4+ 0.050 0.600 + 0.078 0.590 4+ 0.070

UNI+Hibou-Base

MeanMIL™® | 0.615 + 0.020 0.601 4+ 0.059 0.634 + 0.068 0.617 4+ 0.065
MaxMIL6 0.544 + 0.050 0.615 + 0.032 | 0.616 + 0.069 | 0.592 + 0.064
ABMIL™ 0.587 £ 0.026 | 0.623 + 0.063 | 0.610 & 0.008 0.607 £ 0.049
TransMILY™ 0.551 4+ 0.025 0.578 &+ 0.060 0.608 + 0.058 0.579 £+ 0.062

ResNet50+Hibou-Base

MeanMIL'® 0.603 4 0.020 0.605 + 0.058 | 0.656 + 0.080 | 0.621 + 0.071
MaxMILT® 0.530 £ 0.034 0.592 + 0.046 0.563 + 0.064 0.562 + 0.061
ABMIL® 0.579 & 0.034 0.604 + 0.089 0.655 + 0.078 0.613 4+ 0.087
TransMIL™ 0.561 £ 0.021 | 0.599 £ 0.050 | 0.643 + 0.057 | 0.601 + 0.056

ResNet50 + UNI + Hibou-Base

MeanMIL'® 0.603 £ 0.022 0.595 + 0.079 0.650 + 0.074 0.616 + 0.078
MaxMIL6 0.525 4 0.044 0.603 4+ 0.049 0.570 + 0.063 0.566 + 0.064
ABMIL™ 0.598 &+ 0.022 | 0.604 £ 0.096 | 0.644 + 0.058 | 0.615 & 0.081
TransMILY™ 0.563 4+ 0.036 0.590 + 0.040 0.609 + 0.053 0.616 + 0.078

5. CONCLUSION

The results in Table 2 indicate that both histopathological feature extractors can consistently enhance the
predictive prowess of the MIL networks used in this study. In most cases, the UNI backbone achieves a larger
improvement over ResNet50 compared to Hibou-Base.

The reported concordance index values in Table 3 demonstrate that a significant performance improvement
can be obtained by utilizing an ensemble of feature extractors. This improvement is particularly pronounced with
the two simpler MIL architectures, which are MeanMIL'® and MaxMIL.'6 Despite the ensemble of ResNet50 and
UNT having a larger embedding dimension, the combinations of Hibou-Base with ResNet50 and UNI deliver more
frequent improvements in outcome prediction accuracy. Furthermore, while combining two histopathological
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Figure 5: Kaplan-Meier survival curves generated by ABMIL for the BLCA dataset using different feature
extractors. Sub-figures (a~-d) show survival curves for the BLCA cohort (ground truth), ResNet50, UNI, and
Hibou-Base feature extractors, respectively. Low-risk and high-risk patient groups are represented by blue and
orange curves. Purple color is used for the Kaplan-Meier estimate (ground truth) in Figure 5a.

feature extractors typically results in a higher concordance index, mixing a feature extractor pre-trained on
ImageNet with one pre-trained on WSIs outperforms the dual histopathological extractor approach in some
cases. Lastly, the ensemble of all three feature extractors does not appear to yield a notable performance
improvement in any MIL architecture.

This study can be expanded by incorporating datasets from non-TCGA-affiliated sites, enabling a more
comprehensive evaluation of model generalizability across diverse patient cohorts and scanning protocols. Future
work includes incorporating feature extractors pre-trained using different SSL approaches, besides self-distillation
employed in DINOv2, to further assess the effect of different strategies on prognostic accuracy.



APPENDIX A. FEATURE EXTRACTOR ENSEMBLE EMBEDDINGS

Table A.1 provides an overview of the embedding dimensions for different ensemble combinations of feature
extractors used in this study.

Table A.1: Embedding Dimensions of the Ensembles

Ensemble Combination Embedding Dimension
ResNet50 + UNI 2048
Hibou-Base + ResNet50 1792
Hibou-Base + UNI 1792
ResNet50 + UNI + Hibou-Base 2816

APPENDIX B. MIL MODEL PARAMETERS

Table B.1 presents the number of trainable parameters for MeanMIL,'6 MaxMIL,'® ABMIL,'® and TransMIL,!?
assuming an input embedding dimension of 1024.

Table B.1: Trainable parameter counts for MIL networks with an input embedding dimension of 1024.

MIL Network | Number of Parameters
MeanMIL'® 526,852 ~ 527K
MaxMIL0 526,852 ~ 527K

ABMIL'® 592,645 ~ 593K
TransMIL™ 2,673,172 =~ 2.7TM

APPENDIX C. HYPERPARAMETER CHOICES

Table C.1 summarizes the hyperparameter choices that are consistently applied across all model setups.

Table C.1: Hyperparameter options common across all model configurations

Datasets BLCA LUAD BRCA
Number of WSIs 373 443 1061
Batch size 1 1 1
Gradient accumulation steps 32 32 32
Optimizer Adam Adam Adam
Bag weight 0.7 0.7 0.7
Learning rate 2e — 4 le—4 5e — b
Epochs 200 200 200
Early stopping Enabled Enabled Enabled
Earliest stop epoch 40 40 40
L1 regularization le—4 le — 4 le— 4
Patience epochs 10 5 10
Dropout rate 0.25 0.25 0.25
Weight decay le—3 5e — 4 5e — 4
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