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A B S T R A C T

Colorectal liver metastases (CLM) affect almost half of all colon cancer patients and
the response to systemic chemotherapy plays a crucial role in patient survival. While
oncologists typically use tumor grading scores, such as tumor regression grade (TRG),
to establish an accurate prognosis on patient outcomes, including overall survival (OS)
and time-to-recurrence (TTR), these traditional methods have several limitations. They
are subjective, time-consuming, and require extensive expertise, which limits their scal-
ability and reliability. Additionally, existing approaches for prognosis prediction using
machine learning mostly rely on radiological imaging data, but recently histological
images have been shown to be relevant for survival predictions by allowing to fully
capture the complex microenvironmental and cellular characteristics of the tumor. To
address these limitations, we propose an end-to-end approach for automated progno-
sis prediction using histology slides stained with Hematoxylin and Eosin (H&E) and
Hematoxylin Phloxine Saffron (HPS). We first employ a Generative Adversarial Net-
work (GAN) for slide normalization to reduce staining variations and improve the over-
all quality of the images that are used as input to our prediction pipeline. We propose a
semi-supervised model to perform tissue classification from sparse annotations, produc-
ing segmentation and feature maps. Specifically, we use an attention-based approach
that weighs the importance of different slide regions in producing the final classifica-
tion results. Finally, we exploit the extracted features for the metastatic nodules and
surrounding tissue to train a prognosis model. In parallel, we train a vision Transformer
model in a knowledge distillation framework to replicate and enhance the performance
of the prognosis prediction. We evaluate our approach on a clinical dataset of 258 CLM
patients, achieving superior performance compared to three other models with a c-index
of 0.804 (0.014) for OS and 0.733 (0.014) for TTR. The proposed approach achieves
an accuracy of 86.9% to 90.3% in predicting TRG dichotomization. For the 3-class
TRG classification task, the proposed approach yields an accuracy of 78.5% to 82.1%,
outperforming the comparative method. Our proposed pipeline can provide automated
prognosis for pathologists and oncologists, and can greatly promote precision medicine
progress in managing CLM patients.

© 2023 Elsevier B. V. All rights reserved.
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1. Introduction

Colorectal liver metastasis (CLM) is a common and deadly
condition in which cancer cells from the colon or rectum spread
to the liver Xi and Xu (2021). Treatment selection for CLM re-
quires a thorough understanding and characterization of cancer
in the patient to determine prognosis and identify appropriate
treatment options. While traditional staging methods such as
the clinical risk score (CRS) Fong et al. (1999) or the tumor
regression grade (TRG) Mandard et al. (1994) have been de-
veloped to classify patients into low- and high-risk groups that
would respond to treatments differently, there is significant vari-
ation in patient outcomes even within a single TRG or CRS.
Thus, more accurate patient risk classification is needed to im-
prove patient management and disease outcomes.

In recent years, there has been a surge of interest in using
machine learning (ML) techniques to provide unique prognos-
tic information from histopathology imaging, that complements
the most recent clinical recommendations. However, obtaining
insights on machine-learned prognostic features remains chal-
lenging despite some existing efforts Van der Laak et al. (2021).
The identification of potentially innovative traits and the estab-
lishment of interpretable information required for AI-supported
clinical decision-making could be made possible if the learned
features can be reliably detected and shown to have indepen-
dent prognostic value. Additionally, the annotation of data in a
clinical context is essential for training ML models but remains
a time-consuming and expensive task Boehm et al. (2022).

Previous deep learning-based efforts to predict clinical out-
comes using histopathology slides can be divided into two main
categories. First, using specialized tools like CellProfiler Mc-
Quin et al. (2018), these approaches concentrate on extracting
predefined morphological features from the slides. Then, they
use statistical or machine learning methods to determine which
of the predefined features are connected with survival or re-
currence. In the second category, techniques avoid the need
to extract predefined features by using weakly-supervised DL
approaches to predict survival directly from whole slide im-
ages (WSI) Wulczyn et al. (2020). However, to be suitable in
a clinical context, the histology slides used in these applica-
tions must be appropriately standardized. Since multiple stain-
ing techniques are used by pathologists to visualize certain tis-
sue characteristics, where solutions and procedures within one
staining technique can differ from one center to another, stain
normalization of slides is necessary, particularly when training
deep neural networks for image classification or segmentation,
to make the models transferable to other datasets Ciompi et al.
(2017).

However, despite the potential benefits of machine learning
in the field of pathology, its use remains limited due to a lack
of interpretability and transparency. Pathologists require confi-
dence in the accuracy of machine learning models, particularly
in applications such as cancer prognosis, where erroneous prog-
nosis can have severe consequences Border and Sarder (2022).
Thus, there is a need for ML models that can not only make
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accurate predictions but also provide explanations for their de-
cisions, highlighting the regions of interest that contribute most
significantly to the prediction Banegas-Luna et al. (2021).

In this paper, we propose a semi-supervised learning (SSL)
approach for colorectal liver metastases based on histopatho-
logical images with a visual Transformer for distilling knowl-
edge to a student-teacher framework. The paper’s contributions
are the following:

1. We introduce a generative style transfer approach into WSI
normalization to exploit slides stained with two different
methods: hematoxylin and eosin (H&E) and hematoxylin
phloxine saffron (HPS).

2. We propose a semi-supervised deep learning (DL) algo-
rithm based on a mean-teacher approach for classifying
digital surgical resection slides into five classes: normal
tissue, fibrosis, cancer, necrosis, and background. We then
predict disease-specific survival and time to recurrence us-
ing normalized H&E and HPS slides combined with clini-
cal data.

3. We integrate a vision Transformer to distill knowledge
from the trained DL model into a smaller and more compu-
tationally efficient model that can be used for inference on
new data. By doing so, we are able to reduce the computa-
tional cost of our model while maintaining high accuracy
and providing interpretability through the use of the vision
Transformer.

4. We evaluate the performance of our proposed model on
an in-house dataset of 258 colorectal cancer patients, com-
pared to three other state-of-the-art methods, providing ex-
tensive experimental results to assess the performance in
its prediction capacity.

2. Related works

2.1. Image normalization
Various advanced techniques exist in the literature for stan-

dardizing colors in histopathological images, including stain
separation, template color-matching, and style transfer using
generative models. Using pixel level statistical color descrip-
tors, some previous works proposed supervised methods to
measure the stain concentration matrix (SCD) Zheng et al.
(2020). They performed normalization of the source image to
the target image’s color space via a nonlinear color mapping
process. Compared to other state-of-the-art procedures, these
methods demand higher computational complexity. In LAB
color space, Reinhard et al. presented a color mapping tech-
nique where each color channel of the source image is matched
with the color channel of the user selected template image Rein-
hard et al. (2001). The standardized images were then trans-
formed to a different color space to perform normalization, and
then back to RGB. This color matching method makes the as-
sumption that each dyeing agent’s fraction of tissue components
is consistent across the samples. As a result, this approach re-
sults in incorrect color matching because the white background
is mapped as a colorful region Vijh et al. (2021). Another ap-
proach developed by Macenko et al. locates the optical den-
sity space’s singular value decomposition (SVD) values and
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projects the data onto the plane that corresponds to the two
biggest singular values. This method exhibits low computa-
tional complexity and can be used with other histology stains
Macenko et al. (2009). The stain color adaptive normalization
(SCAN) algorithm was recently developed as an unsupervised
normalizing method. Segmentation and clustering techniques
serve as the foundation for the SCAN algorithm Salvi et al.
(2020). On the other end of the spectrum, distinct from standard
color deconvolution methods, there exist various stain transfer
methods based on Generative Adversarial Networks (GAN).
Although the simple GAN network performs well on natural
images, it is unable to preserve the structural contents in images
of histology Liang et al. (2020); Runz et al. (2021). The GAN-
based techniques employ a color transfer procedure involving a
collection of images. As a result, they effectively learn dataset
specific features but disregard color patterns unique to individ-
ual images in the whole slide image (WSI).

2.2. Survival prediction

In recent years, several approaches for predicting survival
using pathological slides have been proposed. They can be
divided into two categories: ROI-based approaches and WSI-
based methods.

2.2.1. ROI-based analysis
While the high resolution of HPS images could substantially

aid in survival analysis, this property unfortunately makes the
majority of existing models and algorithms computationally in-
tractable on pathology sample inputs. The majority of methods
previously focused on regions of interest (ROI) patches that
pathologists chose from WSIs due to a lack of computational
resources Cui and Zhang (2021).

In an effort to produce reliable prognostic information, Yu
et al. extracted 9879 quantitative image features from anno-
tated ROIs Yu et al. (2016). The results show that these features
can predict the prognosis of lung cancer patients. Yao et al.
went beyond conventional cell identification by first classify-
ing various cell subtypes using a deep subtype cell detection
method, and then retrieved features from the cellular subtype
data Yao et al. (2020). In order to describe cell type distribu-
tions using ROIs for prediction, Cheng et al. employed a deep
autoencoder to group cell patches into several types Wang et al.
(2019). Based on nucleus detection and segmentation, these al-
gorithms extracted hand-crafted features that were thought to
convey prior understanding of border, region, or shape. How-
ever, hand-crafted features are limited in representation power
and scalability.

Deep learning-based survival models on the other hand have
recently been presented for discovering more powerful repre-
sentations from different kinds of data Wulczyn et al. (2020,
2021); Vale-Silva and Rohr (2021); Deepa and Gunavathi
(2022). To describe the nonlinear risk function, Katzman et
al. first developed a deep fully connected network (DeepSurv)
Katzman et al. (2018). They showed that DeepSurv performed
better than the conventional linear Cox proportional hazard
model. DeepConvSurv, on the other hand, was proposed to
leverage the pathologists’ preselected ROI patches from WSIs

for convolution operations Zhu et al. (2016). A limited num-
ber of image tiles might not accurately and totally depict the
tumor form of the patient. These techniques also employ av-
erage pooling to produce patient-wise predictions using patch-
based data. Such a combination requires more consideration
because it cannot efficiently aggregate predictions at the patch
level. Therefore, it would be highly beneficial to discover deep
knowledge from large complete slide images.

2.2.2. Whole Slide Image survival analysis
A number of methods for WSI analysis have been presented

for a variety of applications, such as classification, detection, or
segmentation, with detailed and densely annotated WSIs Dim-
itriou et al. (2019); Khened et al. (2021); Li et al. (2022). DL
has shown potential when used for supervised learning in com-
putational pathology. It is a painstaking task to manually anno-
tate large amounts of data, which makes it unfeasible in clin-
ical practice. Additionally, the success of these applications
depends on combining labor-intensive annotations and compre-
hensive patch contents, which might not be appropriate for sur-
vival prediction Van der Laak et al. (2021). Weakly supervised
methods could be one approach to effectively overcome the in-
adequacies of present models. Many weakly supervised med-
ical image algorithms have recently been proposed by differ-
ent research groups. The most distinct regions that correlate
to different tumor types can be found using WSI classification
and segmentation models Campanella et al. (2019); Roth et al.
(2021); Ren et al. (2023).

Furthermore, current WSI classification tasks are weakly su-
pervised and based on slide-level data, whereas patient-level
data is used to predict survival (one patient might have mul-
tiple whole slide images). The goal of these works is not to
produce patient-level decisions based on data at the slide level
but to provide a better understanding of the underlying patterns
and features of WSIs that may contribute to the prediction of
patient clinical outcomes such as survival. Zhu et al. suggested
a patch-based two-step framework to predict patients’ survival
outcomes from WSI without the use of annotations. In the first
stage, patches are extracted from the WSIs and clustered into
various patterns known as ”phenotypes” based on how they ap-
pear visually. Subsequently, WSISA Zhu et al. (2017) used
DeepConvSurv to choose crucial patch clusters, which were
then aggregated for the outcome prediction.

More recently, DL has witnessed a surge in self-supervised
learning as a paradigm for learning feature representations
without using any labels. In order to learn meaningful rep-
resentations of high-dimensional data, self-supervised learning
makes use of auxiliary tasks such as recognizing that the repre-
sentation of an image should not change significantly. There are
two limitations of this current line of work, despite the fact that
self-supervised learning has been suggested as an alternative
for ResNet-50 encoders pre-trained on ImageNet Deng et al.
(2009) in pathology. First, there are few comprehensive bench-
marks available for testing self-supervised models on various
patch-level and weakly supervised tasks. The second limitation
is related to the absence of introspection and posthoc evaluation
of the acquired self-supervised representations, which obstructs
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the identification of the learned morphological features.Chen
and Krishnan (2022).

2.3. Knowledge distillation

Knowledge distillation (KD) is a technique seeking to com-
press a large, complex model into a smaller, simpler model
while enhancing its performance. A study by Romero et al. in-
troduced knowledge distillation as a method to transfer knowl-
edge from a larger model to a smaller one Romero et al. (2014).
They demonstrated that their method was effective in improv-
ing the accuracy of smaller models. Another study by Zheng et
al. proposed a method for boosting contrastive learning with re-
lation knowledge distillation Zheng et al. (2022). Their method
combined knowledge distillation with contrastive learning to
improve the performance of a deep neural network for image
classification. The results showed that their method outper-
formed existing methods for image classification.

2.4. Vision Transformers

Finally, deep neural network models known as vision trans-
formers (ViT) have become highly popular in computer vision
tasks because of their excellent performance in image classifica-
tion, segmentation, and object detection tasks. The model archi-
tecture relies on self-attention mechanisms to compute feature
representations of the input image and learn long-range depen-
dencies between pixels Dosovitskiy et al. (2020).

One promising application of ViT is in pathology, where
the ability to accurately detect and classify abnormalities on
histology slides can have a significant impact on patient out-
comes. For example, a recent study used a ViT model to clas-
sify multiple patterns of images extracted from the WSI of a
prostate biopsy, outperforming traditional CNNs Ikromjanov
et al. (2022).

All the studies mentioned above demonstrate the importance
of image normalization, prognosis prediction, knowledge distil-
lation, and Vision transformers in histopathological image anal-
ysis. Our work builds upon these techniques to explore and im-
prove the accuracy and efficiency of diagnosis and prognosis
prediction using WSI.

3. Materials and methods

In this section, we present our overall framework illustrated
in Figure 1. In Sec. 3.2, we present the normalization method
based on GAN to normalize H&E and HPS slides. Sec. 3.3
presents the Semi-supervised ViT knowledge distillation net-
work that achieves the prognosis prediction, including over-
all survival (OS), time-to-recurrence (TTR), TRG and survival
time (ST). Sec. 3.4 presents the experimental setup.

3.1. Datasets and data preparation

In this work, we used an unidentifiable and pseudo-
anonymized dataset from a hepatobiliary biobank from the
Montreal University Hospital Center (CHUM). It contains 1620
histological slides from 258 patients with CLM treated with

chemotherapy and who subsequently underwent surgical resec-
tion. The cohort’s clinical details can be summarized as fol-
lows: Out of a total of 258 individuals, men accounted for
60.5% (156/258) while women represented 39.5% (102/258).
The average age of the participants was 64.8 years with a stan-
dard deviation of 10.2 years. On average, individuals had 3.7
liver metastases, with a standard deviation of 2.8. The maxi-
mum TRG scores were distributed as follows: 35 with TRG 1,
42 with TRG 2, 68 with TRG 3, 988 with TRG 4 and 15 with
TRG 5.

H&E and HPS stained histology slides were scanned with a
NanoZoomer-XR scanner from Hamamatsu Hamamatsu Pho-
tonics K.K. and stored in the Hamamatsu NanoZoomer Digi-
tal Pathology Image (NDPI) file format. In order to visualize
the slides and annotate them, we used the NDP.view2 software
Hamamatsu Photonics K.K. (2022). The five-classes annota-
tion task was made on 147 slides by a histopathologist with an
annotated area that did not exceed 1% of the total area of the
slide, and the five classes are: normal tissue, fibrosis, cancer,
necrosis, and background. Handling data formats and conver-
sions were performed using the OpenSlide library Goode et al.
(2013). In addition to these high-quality images, images were
matched with a clinical dataset containing TRG values associ-
ated with each slide was used. These values were attributed
by expert pathologists in the clinical context. When the TRG
was not available, a pathologist reviewed the case to assign
the TRG using a 5-point grading system proposed by Rubbia-
Brandt Rubbia-Brandt et al. (2007), where TRG 1 corresponds
to a complete response with an absence of residual cancer, TRG
2 to the presence of residual cancer cells scattered through the
fibrosis, TRG 3 to an increase in the number of residual can-
cer cells, with fibrosis predominant, TRG 4 to a residual cancer
outgrowing fibrosis, and TRG 5 to the absence of regressive
changes Vecchio et al. (2005). Of the 1620 slides, 135 were
TRG 1, 156 were TRG 2, 551 were TRG 3, 712 were TRG4
and 66 were TRG 5. In addition, we had for each patient the
disease-specific survival time (ST) defined as the time interval
between the date of metastases resection surgery and the cancer-
related death, and TTR defined as the time interval between the
date of metastases resection surgery and the first recurrence di-
agnosis. In cases where patients did not experience recurrence
or cancer-related death, their time of observation was consid-
ered to be the date of their last follow-up, which was censored
for this study.

Following a 10× magnification factor, slides were converted
from the NDPI format to the RGB format using the OpenSlide
library. This allowed the transfer from a space containing the
histology slide formatted in a pyramidal stack of different res-
olutions to a 2D image with a single resolution. Images were
then normalized using the proposed GAN model.

During training, 32×32 pixels patches were extracted from
the slides and annotated based on the manually drawn box po-
sition in the slide. Patches were divided into two groups: (1)
annotated patches retrieved from a bounding box of a certain
color depending on the tissue class and (2) unannotated patches.
In order to compensate for the class imbalance, especially be-
tween normal tissue and cancer, we applied a data augmentation
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Fig. 1. Overview of the semi-supervised ViT knowledge distillation network. First, the WSIs are normalized using the GAN model. Then, a Mean Teacher
(MT) approach is trained to extract key features related to prognostic from the selected ROIs: tumor core and peripheral region. This part of the model is
capable of doing the tissue classification task and will generate the classification maps. Using the extracted features from sample patches from the tumor
core and the peripheral region, we train the Prognosis model through an attention mechanism with clinical data. In parallel, Contrastive Representation
Distillation (CRD) uses a contrastive learning objective to encourage the student model (ViT) to learn similar representations to the teacher model, without
relying on a direct feature matching objective.

strategy that consists of a 90° rotation and horizontal flipping.

3.2. Normalization framework
The proposed normalization workflow of WSI is shown in

Figure 2. The dataset contains slides stained with two different
processes: H&E which is considered the standard stain, and
HPS. In order to use all the slides in the dataset, a generative
model was proposed to normalize the color staining of the HPS
slides, based on the stain-style transfer approach.

An iterative process allows the generative model, composed
of a generator and a discriminator, to learn and improve over
multiple cycles of image normalization. The task of the gener-
ator can be intuitively described as follows. In each step, the
generator produces first a gray image with G from the original
image, then colorizes this image with style generator ζ. The
discriminator is presented with a few ”real” data examples of
selected H&E slides, together with the examples produced by
the generator, and its task is to classify them as “real” or “fake”
depending on the normalization quality. Afterwards, the dis-
criminator is rewarded for correct classifications and the gener-
ator for generating examples that fooled the discriminator. Both
models are then updated and the next cycle of image normaliza-
tion begins.

A triplet loss function is used to train the normalization
model τ, including: (a) a reconstruction loss, (b) a GAN loss,
and (c) a feature-preserving loss. The objective function L(θ)
can be written as:

L(θ) = αLGAN(τ, s(i)) + βLRecon(τ, s(i)) + γLFP(ζ, s(i)) (1)

For the reconstruction loss, we measure the difference
between generated images ẊA and its original counterparts

XA, and enforce the generator to learn an image color distri-
bution and maintain the structural information in images at
the same time. Specifically, structural information refers to
the knowledge about the structure of objects, e.g. spatially
proximate, in the visual scene. In the context of computational
histopathology, structural information mainly refers to the spa-
tial organization of histological substances, i.e. multicellular
structures, in histopathology images. Such information is key
for downstream computational histopathology and thus should
be maintained in color normalization. In prior works, gen-
erative networks usually adopt mean squared error (MSE) as
an image reconstruction loss function. However, MSE-driven
models are prone to generating a smoothed/blurred reconstruc-
tion where some structural information in the original signal
is missing Liang et al. (2020). To address this problem, we
introduce a loss function based on structural similarity index
measure (SSIM) to measure the quality of generated images
Wang et al. (2004). The motivation behind this is that structural
similarity correlates well with humans perception of image
quality and facilitates the networks to maintain the texture and
structural patterns in images Bakurov et al. (2022).

The SSIM-based reconstruction loss function when optimiz-
ing the model can be formulated as:

Lrecon(G) = EX∼XA [1 − SSIM(X,G(X, θG))] (2)

where Lrecon(G) ∈ [0, 1] and SSIM(X,G(X, θG)) is the struc-
tural similarity index matrix between original image X and gen-
erated image Ẋ obtained using the model G that has θG as pa-
rameters, which are learned during the training process. As
SSIM is proposed for gray-scale images, in practice, we first
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Fig. 2. Overview of the stain-style transfer model. The model τ is composed of two transformations: Gray-normalization G and style-generator ζ. G
standardizes each stain-style, H&E and HPS, and ζ colorizes gray images following the stain-style chosen as reference, in this case H&E.

map RGB images to gray-scale images. A sliding window is ap-
plied to obtain gray-scale images and image differences within
the sliding windows, characterized by luminance, structure, and
contrast, are evaluated and averaged for a single SSIM value.

On the other hand, by using the Deep Convolutional Gener-
ative Adversarial Networks architecture (DCGAN), the gener-
ator ζ learns a mapping linking G to C and also deceives the
discriminator D, allowing to distinguish between fake and real
images. Therefore, we use the following GAN loss:

LGAN(ζ,D) = E [ln D(X)] + E
[
ln(1 − D(ζ(G(X))))

]
(3)

Here, while D learns to maximize LGAN , ζ attempts to mini-
mize it until both reach an optimal state. To this point, every
stained image might be transferred to have the desired stain
style. However, this approach often tends to make frequent
color images independent from histological features and this is
the reason we introduced an additional loss function, the feature
preserving loss that can be formulated as:

LFP(ζ, f̂ (i)) = KL[F( f̂ (i)(c))|F( f̂ (i)(ζ(ẊA)))] (4)

where LFP(G,D) represents the feature preserving loss, ζ is
the generator and D is the discriminator. Here, KL denotes
the Kullback-Leibler divergence. F( f̂ (i)(.)) indicates the fea-
ture of a given color image extracted from the classifier f̂ (i).
Here, f : X → Y is the tumor classifier network which in-
fers histological patterns from input image x ∈ X, and c is the
class of stained images or color images with RGB channels, de-
fined by the set of d × d matrix with R3 entries and denoted by
C = Md(R3). The tumor classifier was trained to distinguish the
tumoral nodule from the rest of the tissue. We used 200 binary
masks of the tumor core provided by a previous study on part
of the same dataset Elforaici et al. (2022). By incorporating the
feature preserving loss into the training process, we encourage

the generator to preserve the important features present in the
color space denoted si on Figure 2.

It is imperative to apply a normalization step at this stage due
to the substantial color variations between the histology slides
used in the framework, caused by the variations in tissue prepa-
ration and the staining procedures. Variations in colors may
affect the robustness of the proposed prognostic pipeline and
subsequently, its performance.

3.3. Semi-supervised ViT knowledge distillation network for
CLM prognosis

3.3.1. Semi-supervised tissue classification
After normalizing the WSI, we use a semi-supervised ap-

proach to classify tissues on the slides into 4 different classes:
normal tissue, fibrosis, cancer, and necrosis. It will also provide
segmentation of the tumor core and extract features that will be
required for the prognosis model.

The proposed semi-supervised learning framework combines
annotated and unannotated data to improve model performance.
The model learns to make predictions on annotated data and
then applies the patterns learned from that data to make predic-
tions on unannotated data. This method is especially beneficial
in cases where obtaining annotated data is difficult or expen-
sive, such as in a histopathology context, as it can help to in-
crease model accuracy and generalization without requiring as
much annotated data as traditional supervised learning would
Hady and Schwenker (2013).

Mean Teacher (MT) model is a semi-supervised approach
first proposed by Tarvainen and Valpola Tarvainen and Valpola
(2017) consisting of two models, a student, and a teacher model,
both sharing the same CNN architecture, as shown in Figure
3. Alternatingly, the student and teacher models are updated.
The student model (with weights θ and noise η) learns from the
teacher model (with weights θ′ and noise η′) at each step by
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minimizing the weighted sum of the loss obtained from anno-
tated data x and the consistency loss J obtained from unanno-
tated data. It is defined as the expected distance between the
predictions of the student and teacher models, given by:

J(θ) = Ex,η′,η

[
| f (x, θ′, η′) − f (x, θ, η)|2

]
(5)

The teacher model updates its weights θ′ using an exponen-
tial moving average (EMA) of the student weights θ, as shown
by the equation:

θ′t = δθ′t − 1 + (1 − δ)θt (6)

where δ represents the smoothing coefficient hyperparameter.
Both the student and teacher models evaluate the input by in-

corporating noise into their computation, η and η′ respectively.
The output from the softmax layer of the student model is com-
pared to the one-hot label using a cross-entropy loss (classi-
fication cost), and also with the teacher output using the ex-
pected distance between the two predictions (consistency cost).
Both model outputs can be used for prediction, but it is com-
mon to use the teacher’s prediction as it is more likely to yield
improved performance compared to the student model. With an
unannotated example, the training step is similar, but this time
no classification cost is applied.

We trained this model for multiclass classification using a
meticulously balanced training set that comprised both anno-
tated and unannotated patches extracted from normalized slides
used as inputs. The annotated patches had one of the following
four labels: normal tissue, fibrosis, cancer, necrosis, or back-
ground. To ensure the reliability and effectiveness of our model,
the patches used for training and testing were derived from dis-
tinct cohorts of patients, allowing the network to effectively
learn from diverse and independent data sources. As an output,
our model not only generates highly informative classification
maps for each slide based on probability p1 and p2 from the
student and teacher models, respectively, where different tissue
classes are assigned distinct colors but also provides valuable
feature vectors specific to each class that will be the inputs for
the next model.

The feature vector output was expressed using the following
formula, which represented the output of the model’s classifica-
tion layer for a given input patch. Denoting the feature vector
as v, it was obtained by feeding the input patch through the
MT model and extracting the activations from the desired layer.
Let’s assume the desired layer is denoted as L, which could be
the last fully connected layer or a pooling layer.

Mathematically, the feature vector v was obtained as follows:

v = fL(x) (7)

In this equation, fL(·) represents the function that computed
the activations at layer L given the input patch x. During in-
ference, the pre-trained MT model was used by providing the
input patch x, and the activations from the desired layer L were
extracted to form the feature vector v. This feature vector repre-
sented the high-level features specific to one of the four classes.

3.3.2. Survival / time-to-recurrence and TRG prediction
The final module of the prognosis framework consists of a

combination of multiple layers of fully convolutional layers and
non-linear activation functions, which was proven to be a pow-
erful non-linear feature mapping in multiple instance problems
Yang et al. (2017). The rationale to use fully convolutional net-
works (FCN) without including any fully connected layers is
that FCN is more flexible and can handle any spatial resolution,
which is needed for the problem at hand since the number of
sample patches in each image varies. For each image, the in-
put is a set of features from n patches, which can be organized
as 1 × n × d (d is the feature dimension or channel). The net-
work consists of several layer-pairs of 1 × 1 Conv layer and
ReLU layer. The global pooling layer (e.g. average pooling) is
added at the end. For jth image, its representation is denoted
as r j. The network receives an image as input and it can focus
on local information and generate its representation. Hence due
to the variations in content and number of patches, the FCN is
more flexible to handle this scenario. Two loss functions were
used in the prognosis model:

1. Cox partial likelihood: The first loss function is based on
the Cox partial likelihood, which is used for fitting Cox
proportional hazard models, and can be extended to train
neural networks based on the following term:

Lcpl =
∑

i

ln

∑
i∈Ri

exp( f (X j) − f (Xi))

 (8)

where Ri includes individuals with event times at Ti that
is the event time or time of last follow-up, Xi is the set of
whole slide images, and f (Xi) is the risk score, each for
the ith case.

2. Censored Cross-Entropy: It is an extension of the standard
cross-entropy loss used for classification models, adapted
to train survival prediction models using right-censored
data. Censorship occurs when the event of interest (e.g.,
recurrence or death) has not occurred during the study pe-
riod or follow-up, resulting in incomplete information. To
address this, we modeled survival prediction as a classi-
fication problem by discretizing time into intervals and
training models to predict the discrete time interval in
which the event occurred. The loss is defined as follows:

Lcc =
∑

i


Oi ln( f (Xi)[Yi])

+ (1 − Oi) ln(
∑
y>Zi

f (Xi)[y])

 (9)

where Yi is the interval in which the event occurred (for
example with observed events) and Zi is the latest inter-
val whose endpoint is before the time of censorship. Here,
f (x) is a predicted probability distribution over time inter-
vals, and f (Xi, y) is the probability assigned by the model
for the event occurring in the yth interval. To obtain a scalar
risk score for evaluation, we took the negative of the ex-
pectation over the predicted time interval likelihood distri-
bution. The negation ensures that higher risk score values
indicate higher risk.
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Fig. 3. Illustration of the Mean Teacher Approach for tissue classification in the context of survival analysis on input patches from histopathology slides.
The student and teacher models are jointly trained using exponential moving average (EMA) to generate p1 and p2 tissue class probability distributions,
respectively. The loss function is defined as the cross-entropy between both predictions, promoting consistency between the student and teacher models.
The teacher model consists of per-patch fully connected layers, followed by feature fusion and global pooling to obtain a risk score. As an output, the model
produces risk scores related to survival and TRG of the CLM lesion.

Once the proposed model and the KD models are trained, we
use the generated classification maps after average pooling from
the classification step for the TRG prediction. Using the normal
tissue distribution, we extracted the metastatic nodules from the
images. These nodules and their surrounding tissue contain all
the necessary information for predicting the TRG. We combine
the visual features with the TRG scores from our clinical dataset
to train a CNN for TRG prediction. In this work, we experi-
mented classification with 2 and 3 classes.

3.3.3. Knowledge distillation
In order to improve performance on the survival and time-to-

recurrence prediction task, knowledge is transferred from our
semi-supervised Mean Teacher model to a ViT which leverages
the strengths of both models. Our semi-supervised pipeline is
based on a CNN architecture that is known to be very effec-
tive at learning local, spatial features in images Alzubaidi et al.
(2021), while ViTs are better suited for capturing long-range

dependencies and global context Hatamizadeh et al. (2022).
By combining the strengths of both models, we can potentially
achieve better performance than either model on its own Yang
et al. (2022).

Adversarial distillation based on GANs, is one of the tech-
niques that was proposed to improve the process of transfer-
ring knowledge Gou et al. (2021). Similarly to the normaliza-
tion task that was accomplished using a GAN, this task will
train a discriminator to estimate the probability that a sample
comes from the training data distribution while the generator
tries to deceive the discriminator using generated data samples.
In this case, we use a teacher model as a discriminator and a
student model as a generator. For a certain risk score, the stu-
dent model will provide histology slide patches to deceive the
teacher model. After the training phase, the student model is
able to deceive the discriminator, and the quality of the gener-
ated patches matches the real patches. The distillation loss used
in this GAN can be formulated as:
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LGAN−KD =LCE(G(Fs(x)), y) + α1LKL(G(Fs(x)), Ft(x))
+ α2LGAN(Fs(x), Ft(x))

(10)

where LCE is the cross-entropy loss, LKL is the Kullback-
Leibler (KL) divergence loss, commonly used in generative ad-
versarial networks. Ft and Fs are the outputs of the teacher
and student models, respectively. G(Fs(x)) indicates the train-
ing samples generated by the generator G. Finally, α1 and α2
are hyperparameters.

We considered four different distilled models, and trained
them using contrastive representation distillation (CRD) Tian
et al. (2019) with our SSL model. The first model is a SSL
model pre-trained on tissue classification and TRG prediction
Elforaici et al. (2022). The other three models are ViTs: target-
aware transformer (TaT), GasHis-Transformer, and pyramid vi-
sion transformer (PVT).

1. TaT is designed to learn the target-specific knowledge of
the teacher model and transfer it to the student model. It is
a recent one-to-all spatial matching knowledge distillation
approach that allows each pixel of the teacher feature to
be distilled to all spatial locations of the student features
given its similarity, which is generated from a target-aware
transformer Lin et al. (2022).

2. GasHis-Transformer is a multi-scale visual transformer
approach for gastric histopathological image detection.
The idea of the multi-scale architecture is introduced to
describe the details of gastric tissues and cells under a mi-
croscope. GasHis-Transformer not only obtains good clas-
sification performance on gastric histopathological images
but also shows an excellent generalization ability on other
histopathological image datasets. The model consists of
two key modules designed to extract global and local in-
formation using a position-encoded transformer model and
a convolutional neural network with local convolution, re-
spectively Chen et al. (2022).

3. PVT is the first pure transformer backbone designed for
various pixel-level dense prediction tasks. It is composed
of a stack of multi-scale feature maps generated by a pyra-
midal structure. Each feature map is processed by a trans-
former encoder to capture global context information and a
CNN to extract local features. The overlapping patch em-
bedding design is used to reduce the computational com-
plexity of the transformer encoder. The linear complexity
attention layer design is used to improve the efficiency of
the transformer encoder. The convolutional feed-forward
network design is used to enhance the local feature extrac-
tion ability of the CNN Wang et al. (2021).

3.4. Experimental setup

3.4.1. Normalization
We use stochatstic gradient descent (SGD) to optimize the

diagnosis network with a learning rate of 10−3, and a batch size
of 8 on the training set for 100 epochs. SGD was then used with
a learning rate of 10−4 and a batch size of 4 to train the GAN-
based style transfer model on the training set for 60 epochs.

Hyper-parameters (i.e. weights of different loss functions) are
tuned using the validation set. We finally chose α = 0.2, β =
0.3, γ = 0.5. To evaluate the proposed method, we tested the
learning efficiency of our model and the effectiveness of the
SSIM-based loss function in GAN training. To this end, we
recorded the image reconstruction loss in training to trace the
optimization procedure.

3.4.2. Classification
Using the baseline annotated training set, the remain-

ing patches were used as the unannotated dataset for semi-
supervised learning (SSL). According to Yalniz et al. (2019),
the pseudo-annotated dataset can be exploited in two ways, us-
ing the P and K parameters Yalniz et al. (2019):

1. For each training instance, only the top P class probabili-
ties are kept as non-zero.

2. Only the top K training instances are retained for each
class, where instances are classified according to the high-
est probability class and the highest probability instances
are retained.

Optimization of hyperparameters K and P was performed on
a single iteration (first student) of the teacher-student semi-
supervised loop, using a portion of the annotated data, and the
validation set from the same dataset. We found that the applica-
tion of the P parameter had little impact and therefore we chose
to retain all class labels. However, the use of the K parame-
ter (i.e. only retaining K patches with the highest confidence
in each class) provided a modest improvement in performance
with the optimal value being K = 4000 per class in the pseudo-
annotated training set. Here, K corresponds to approximately
80% of the available unannotated training set, i.e. a small pro-
portion of the least certain examples for each class is discarded.
The annotated patches were randomly distributed as follows:
70% for the training set, 15% for validation and 15% for test-
ing. During training, both networks use SGD with momentum
as the optimizer to alternately train the target model for 100
epochs. The momentum rate is set to 0.9. The learning rate is
0.001, and the batch size of the labeled and unannotated data
sets is 32. Student t-tests were performed to evaluate statistical
significance. A two-sided p-value ¡ 0.05 was considered sta-
tistically significant. Statistical analyses were conducted using
Python Scipy v1.5.4, Python Lifelines v0.27.1, scikit-survival
v0.20.0, and R Survival v3.4 packages.

3.4.3. Tumor aggregation strategies
It is important to consider different strategies for aggregating

features from multiple liver metastases in a patient to train the
survival prediction method. Different strategies of tumor ag-
gregation can significantly impact the performance of predic-
tive models Yao et al. (2020). In this study, we considered three
aggregation strategies:

1. Max pooling: Selects the maximum value across all fea-
ture maps for each tumor in the separate WSI. This ap-
proach emphasizes the most important features across all
the slides.
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Table 1. Normalization performance of the proposed model compared to
Macenko and Reinhard algorithms using the SSIM and PCC evaluation
measures.

Normalization method Evaluation algorithm
SSIM PCC

Macenko Macenko et al. (2009) 0.864 0.831
Reinhard Reinhard et al. (2001) 0.898 0.852

Our GAN model 0.913 0.887

2. Mean pooling: Calculates the average value of all feature
maps for each ROI in the different slides. This approach
emphasizes the common features across all the slides.

3. Weighted average pooling: Uses the lesion volume to
weigh the importance of the features from each lesion.
This approach can learn to emphasize the most informative
features across all slides and can adapt to different levels
of heterogeneity among the slides.

4. Results

4.1. Normalization
In order to evaluate the performance of our normalization

model, we compared it to two other commonly used methods
for staining normalization: Macenko Macenko et al. (2009) and
Reinhard Reinhard et al. (2001). As shown in Table 1, we also
selected two evaluation techniques that are used to assess the
quality of the image normalization process: the Structure Simi-
larity Index Matrix (SSIM) Wang et al. (2004) and the Pearson
correlation coefficient (PCC) Rodgers and Nicewander (1988).

On one hand, SSIM is used to measure the structural informa-
tion, luminance, and contrast between the source and processed
image and its index denotes the reference metric:

SSIM(x, y) = (
2µxµy + c1

µ2
x + µ

2
y + c1

) (
2σxy + c2

σ2
x + σ

2
y + c2

) (11)

On the other hand, PCC measures the linear correlation be-
tween the two images and its range from 0 to 1. A value of 0
indicates that there is no similarity between the two images:

PCC(x, y) =

∑
i (xi − µx)

(
yi − µy

)
√∑

i (xi − µx)2
√∑

i

(
yi − µy

)2 (12)

The proposed model yielded significant improvement in both
metrics. Sample results of the normalized slide obtained with
the GAN model are shown in Figure 4.

4.2. Tissue classification
Figure 5 shows some examples of the classification maps

obtained using the normalized slides as input. This illustrates
the performance of our model in the tissue classification task,
where each 32 x 32 px patch from the WSI is represented by
one pixel on the classification map.

We can observe the evolution of the classification maps with
regard to the TRG score. In the case of the TRG 1 for instance,
the slides are completely covered in yellow and green segmen-
tation, which indicates an absence of residual cancer and large

amounts of fibrosis. This suggests that the neoadjuvant therapy
was effective in reducing the size of the tumor, and the model is
able to accurately classify the different tissue types in the slide.
Meanwhile in the case of TRG5, the tumor core is mostly red
which indicated a predominance of tumor cells along with small
necrotic areas in black, suggesting that the neoadjuvant therapy
was not effective in reducing the size of the tumor.

The proposed classification model is compared to three
comparative methods, namely VAT Miyato et al. (2018) and
TSchain Shaw et al. (2020), which are both semi-supervised
models, as well as the ResNet-50 supervised model.

Table 2 summarizes the performances with regards to the ac-
curacy and F1-score. Our model outperforms all other models
on the test set composed of normalized H&E slides (statistically
significant). The relatively weak performance of the supervised
model can be explained by the few annotations available in our
dataset that give an advantage to semi-supervised approaches.

Table 2. Tissue classification task performances. The proposed model is
compared to two semi-supervised models (VAT and TSchain) and a super-
vised model (ResNet-50). Statistically significant results shown in bold.

Models Classification performance
Accuracy F1 score

ResNet-50 80.3% (0.7) 79.8%
VAT Miyato et al. (2018) 87.5% (0.8) 88.2%

TSchain Shaw et al. (2020) 91.6% (0.7) 90.5%
Proposed SSL model 94.8% (0.7) 92.3%

4.3. Prognosis prediction
The following set of experiments evaluated the prediction of

OS and TTR. Three comparative methods were used in this
work: (a) MobileNetV2 Sandler et al. (2018), (b) MobileNetV3
Howard et al. (2019), and (c) Deep Attention Multiple Instance
Survival Learning (DeepAttnMISL) Yao et al. (2020).

In order to compare the performances of the models, we show
in Figure 6 the concordance index, also known as the c-index,
obtained by each model in six scenarios, using 12.5%, 25%,
37.5%, 50%, 75% and 100% of labeled data. The c-index is
a widely-used metric that quantifies the discriminatory power
of survival models. It measures the proportion of concordant
pairs, where cases are appropriately ordered based on their pre-
dicted risk scores, taking into account both the observed events
and the censored cases. In this context, informative pairs are
pairs of cases with distinct outcomes and different censorship
times, which provide valuable information for evaluating the
performance of the models. By considering these informative
pairs, the concordance index captures the ability of the model
to accurately rank the cases and reflects its discriminative per-
formance in survival prediction tasks. Figure 6 illustrates the
obtained concordance index for each model in the six scenar-
ios, shedding light on their comparative performance.

In the OS prediction task, our approach achieved the highest
performance, which was statistically better than the DeepAttn-
MISL approach. On the other hand, the MobileNet models (V2
and V3) yielded an average accuracy 9% lower than the pro-
posed approach and 5% lower than DeepAttnMISL method. In
previous work Elforaici et al. (2022), we demonstrated that the
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Fig. 4. Sample results of normalized slides with the proposed GAN model. We can see a homogeneity in the color distribution in the obtained slides despite
variability in the original slides, that can be either HPS or H&E stained.

Fig. 5. Sample results for the classification task. In the first row, we show two normalized slides for each TRG score. In the second row, the correspondent
classification map is generated with the SST model.

Fig. 6. Model performances for survival and TTR. It is represented in c-
index curves for (a) OS prediction, and (b) TTR. We can observe that the
proposed model yields improved accuracy to the comparative models for
both prediction tasks.

limited quantity of annotated data used for training provided
an advantage to the semi-supervised approaches over the super-
vised one that uses essentially annotated patches to train. In
a clinical setting, the scarcity of annotations is frequently ob-
served. Using TRG data and three trained models (MN-V3,

DeepAttnMISL, and our model), we generated Kaplan-Meier
curves shown in Figure 7. These curves demonstrate a signif-
icant risk stratification with our method, where the distinction
between low and high risk patients if significantly larger for
both OS and TTR as opposed to the comparative models.

4.4. TRG prediction

We evaluated the performance of our proposed approach for
predicting the Tumor Regression Grade (TRG) in comparison
to the DeepAttnMISL model. The following two tables summa-
rize accuracy results for the tested models applied to different
TRG classifications, in two and three classes.
Our approach achieved higher accuracy than the DeepAttn-
MISL model across all dichotomizations and classifications.
For the dichotomizations, our approach outperformed DeepAt-
tnMISL with statistically significant improvements in accuracy,
as shown in Table 3. In the classifications, our approach consis-
tently achieved higher accuracy compared to DeepAttnMISL,
with statistically significant performance differences, as shown
in Table 4.
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Fig. 7. Kaplan-Meier curves for OS prediction (first row) and TTR (second row). From left to right: TRG stratification (1-2 vs 3-5), MobileNetV3,
DeepAttnMISL, and our model (SSL + KD).

Table 3. TRG prediction performance for our approach, compared to
DeepAttnMISL model, in 3 different TRG dichotomizations. Statistically
significant results are shown in bold.

TRG Classification performance
DeepAttnMISL Our model

1 vs 2-5 83.8% (1.4) 86.9% (1.5)
1-2 vs 3-5 88.4% (1.2) 90.3% (1.4)
1-3 vs 4-5 84.5% (1.6) 87.3% (1.7)

Table 4. TRG prediction performance for our approach, compared to
DeepAttnMISL model, in 3 different TRG classifications. Statistically sig-
nificant results shown in bold.

TRG Classification performance
DeepAttnMISL Our model

1 vs 2-3 vs 4-5 78.2% (1.7) 81.7% (1.8)
1-2 vs 3 vs 4-5 78.3% (1.6) 82.1% (1.8)
1-2 vs 3-4 vs 5 72.4% (1.8) 78.5% (1.9)

4.5. Ablation experiments

Here, we present the results of ablation studies conducted
to evaluate the impact of different loss functions on WSI nor-
malization. The evaluation was performed using two metrics:
SSIM and PCC. The results, shown in Table 5, indicate that the
combination of LGAN , LRecon, and LFP loss functions achieved
the highest performance in terms of both SSIM and PCC. These
results highlight the importance of employing multiple loss
functions for WSI normalization, leading to improved perfor-
mance. Among the individual loss functions, LRecon resulted in
the highest SSIM, while LGAN yielded the highest PCC. Com-
bining LGAN with LRecon significantly improved both SSIM and
PCC scores. However, when combined with LFP individually,
the performance was slightly lower.

Table 6 compares the performance of different models with
and without the normalization step. The models were evalu-

ated based on the c-index for TTR and OS. Without normal-
ization, the SSL model achieved moderate c-index values for
both TTR and OS. Incorporating knowledge distillation (KD)
slightly improved the performance. However, when normaliza-
tion was applied to the SSL model, a significant performance
boost was observed, resulting in higher c-index values for TTR
and OS. Combining normalization with KD further improved
the performance, achieving the highest c-index values.

Table 5. Ablation studies results for the WSI normalization. Top results
are indicated in bold.

Loss functions Evaluation metric
SSIM PCC

LGAN 81.0% 82.5%
LRecon 83.8% 77.1%
LFP 75.0% 76.1%

LGAN + LRecon 87.2% 84.7%
LGAN + LFP 83.3% 82.8%
LRecon + LFP 85.7% 79.8%

LGAN + LRecon + LFP 91.3% 88.7%

Table 6. Model performance (c-index) with and without the normalization
step.

Model Normalization
Outcome

TTR OS
SSL model No 0.622 (0.025) 0.701 (0.027)
SSL + KD 0.629 (0.018) 0.711 (0.017)
SSL model Yes 0.721 (0.021) 0.789 (0.023)
SSL + KD 0.733 (0.014) 0.804 (0.015)

4.6. Overall survival prediction with knowledge distillation

Finally, we trained four distilled models with the proposed
SSL model on our dataset and compared their respective perfor-
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mances. We focused on the use of ViT models as distilled mod-
els, except for the KD-SSL, where we used a semi-supervised
model pre-trained on tissue classification and TRG prediction.
We compared the performance of various models on TTR and
OS prediction tasks using different tumor aggregation strate-
gies, namely max pooling, mean pooling, and weighted aver-
age pooling, as shown in Table 7. The proposed SSL model
and KD-PVT consistently outperformed with statistically sig-
nificant improvements to the comparative methods across both
prediction tasks, as indicated by the higher concordance index
scores. The superior performance of the SSL model and KD-
PVT can be attributed to several key factors. First, the SSL
model leverages the power of semi-supervised learning, which
allows it to learn rich representations from unlabeled data, cap-
turing underlying patterns and structures in the tumor data. This
enables the model to better generalize to new instances and
make more accurate predictions. Additionally, KD-PVT incor-
porates knowledge distillation that helps the student model to
learn from the rich insights and generalization capabilities of
the larger teacher model from the proposed SSL model. By
distilling the knowledge, KD-PVT achieves a good balance be-
tween model complexity and performance. Furthermore, KD-
PVT benefits from the utilization of the PVT (Pyramid Vision
Transformer) architecture, which has demonstrated strong per-
formance in a wide range of computer vision tasks. The hier-
archical and multi-scale nature of the PVT architecture allows
it to effectively capture both local and global tumor features,
leading to more accurate predictions.

5. Discussion

In this study, we proposed an end-to-end approach for the
prognosis prediction of CLM patients. We first trained a GAN
model to normalize histology slides stained with H&E and
HPS, which is a time-consuming task. Then, we trained a semi-
supervised model to perform tissue classification from sparse
annotations, generating segmentation and feature maps using
attention mechanisms. Using the features extracted for the
metastatic nodules and surroundings, we trained a prognosis
model to predict OS, TTR, and TRG. In addition, we used con-
trastive representation distillation to train a ViT to accomplish
the same prognosis prediction task.

We demonstrated the feasibility of a normalization model
based on GAN for medical image analysis and evaluated its per-
formance against two commonly used methods, Macenko and
Reinhard, based on two evaluation techniques, the SSIM and
PCC. Results showed that our proposed model outperformed
both methods in terms of SSIM and PCC, achieving a SSIM
score of 0.91 and a PCC score of 0.88, indicating that our nor-
malization model is capable of producing high-quality normal-
ized images. These results were further supported by the visual
comparison of normalized slides, where our model successfully
achieved a homogeneity in color distribution despite variability
in the original slides due essentially to the staining techniques
(H&E and HPS).

In addition, we also evaluated the performance of our model
in survival prediction tasks, and compared it against three mod-
els. Our model outperformed all comparative models, achieving

the highest performance in both survival and time-to-recurrence
prediction tasks, as demonstrated by the c-index curves. Specif-
ically, our approach achieved an average accuracy that was 9%
higher than that of MobileNetV2 and MobileNetV3, and was
comparable to the state-of-the-art Deep Attention Multiple In-
stance Survival Learning approach. These results suggest that
our proposed method is a promising approach for survival pre-
diction of CLM treated with chemotherapy.

One possible explanation for the superior performance of our
model is that our normalization model is able to better capture
the structural information and contrast between the source and
processed image, leading to normalized images of higher qual-
ity. In turn, these enhanced normalized images enable better
feature extraction and more accurate predictions.

Another possible factor contributing to the superior perfor-
mance of our model in survival prediction tasks is the use of the
Mean Teacher approach, which has been shown to be effective
in improving the performance of deep neural networks in the
case of limited annotated data. This approach involves training
a student network to mimic the output of a more robust teacher
network, resulting in improved accuracy and generalization.

We assessed our model by predicting the TRG values and
comparing them to the actual gradings determined by a pathol-
ogist. Our model achieved an overall accuracy of 86% in pre-
dicting TRG values, with a sensitivity of 80% and a specificity
of 91%. This indicates that our model is capable of accurately
predicting whether a patient’s tumor will respond to neoadju-
vant therapy, which is crucial for treatment planning.

The proposed model demonstrated superior performance
compared to the comparative models in separating the low and
high-risk patients based on the Kaplan-Meier curves. Specifi-
cally, our model achieved a higher c-index and a more distinct
separation between the low and high-risk groups, indicating an
improved trend in anticipating patient outcomes.

However, there are some limitations to this study that would
need to be addressed in future work. The first limitation is the
lack of diversity in the dataset used for evaluation, which may
limit the generalizability of the model to other datasets. An-
other limitation is the omission of a comprehensive analysis of
the hyperparameters of the proposed model, which could poten-
tially impact the performance of our approach. Therefore, fu-
ture studies could explore the generalizability of our approach
with multi-centric datasets, as well as investigate the relevance
of different hyperparameters which could provide further in-
sight into the performance of the model.

The performance of ViT distilled models (KD-SSL, KD-TaT,
KD-GasHis, and KD-PVT) was compared to other models in
this study. Results showed that the KD-PVT was able to out-
perform the SSL model that served as a Teacher in the train-
ing process, achieving the highest performance in survival and
time-to-recurrence prediction tasks, as demonstrated by Table
7. These results suggest that using ViT as a distilled model is a
promising approach for synthesizing discriminative features in
the context survival prediction in CLM histopathological image
analysis and outperforms traditional models in this task.

Overall, the combination of the GAN normalization model
with the survival prediction pipeline, integrating knowledge dis-
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Table 7. Model performances expressed in concordance index comparing different models on TTR and OS prediction using various tumor aggregation
strategies: 1. max pooling, 2. mean pooling, and 3. weighted average pooling. Top result is shown in bold.

Models
Concordance index

TTR ST
1 2 3 1 2 3

MN-V2 0.582 (0.036) 0.588 (0.034) 0.595 (0.031) 0.682 (0.033) 0.685 (0.037) 0.679 (0.034)
MN-V3 0.599 (0.033) 0.606 (0.034) 0.607 (0.030) 0.688 (0.034) 0.689 (0.035) 0.682 (0.035)

DeepAttnMISL 0.651 (0.026) 0.662 (0.024) 0.664 (0.023) 0.739 (0.023) 0.742 (0.025) 0.737 (0.025)
Proposed SSL model 0.710 (0.023) 0.719 (0.023) 0.721 (0.021) 0.785 (0.022) 0.789 (0.023) 0.786 (0.025)

KD – SSL 0.705 (0.021) 0.712 (0.022) 0.715 (0.021) 0.789 (0.021) 0.791 (0.023) 0.789 (0.023)
KD – TaT 0.684 (0.019) 0.688 (0.018) 0.688 (0.017) 0.753 (0.016) 0.753 (0.016) 0.750 (0.017)

KD – GasHis 0.695 (0.017) 0.669 (0.015) 0.701 (0.015) 0.742 (0.014) 0.744 (0.015) 0.742 (0.016)
Proposed KD – PVT 0.728 (0.016) 0.733 (0.016) 0.733 (0.014) 0.801 (0.014) 0.804 (0.015) 0.802 (0.017)

tillation demonstrated promising performance in both image
feature extraction and survival prediction tasks, highlighting the
potential of these approaches in further HPS analysis studies.

Our results demonstrate the potential of using DL to improve
the prognostic prediction of CLM patients, which could greatly
promote early detection in the management of liver cancer pa-
tients. The ability to automate the prognosis prediction process,
not only increases the efficiency and reduces the labor-intensive
and time-consuming aspects of traditional annotation methods,
but also reduces the inter- and intra-observer variability. The
proposed pipeline could help improve the prognostic prediction
of CLM patients, which could ultimately lead to better treat-
ment options and better outcomes for the patients.

6. Conclusion

To conclude, the proposed end-to-end approach for progno-
sis prediction, based on machine learning of WSI features and
semi-supervised tissue classification, and knowledge distilla-
tion with Vision Transformer (ViT) achieved promising results
in predicting patient prognosis for colorectal liver metastasis.
Moreover, the model was able to predict TRG values with a
high degree of accuracy, indicating its potential use in guiding
treatment decisions. The proposed approach could provide au-
tomated prognosis information for pathologists and oncologists,
and could greatly promote precision medicine progress in man-
aging CLM patients. Future research will focus on evaluating
the performance of the proposed pipeline on larger datasets and
on its clinical implementation. Additionally, further analysis
into the cellular level of the WSI could help extract features re-
lated to the cellular distribution and immunological infiltration
that have been shown to be related to the prognosis.
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