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Abstract

In recent years, whole slide image (WSI)-based survival
analysis has attracted much attention. In practice, WSIs
usually come from different hospitals (or domains) and may
have significant differences. These differences generally re-
sult in large gaps in distribution between different WSI do-
mains and thus, the survival analysis models trained on one
domain may fail to transfer to another. To address this
issue, we propose a Dual-branch Encoder and Two-level
Alignment (DETA) framework to explore both feature and
category-level alignment between different WSI domains.
Specifically, we first formulate the concerned problem as
graph domain adaptation (GDA) using the graph represen-
tation of WSIs. Then, we construct a dual-branch graph en-
coder, including the message passing (MP) and the shortest
path (SP) branches, to explicitly and implicitly extract se-
mantic information from the graph-represented WSIs. To
realize GDA, we propose a two-level alignment approach:
at the category level, we develop a coupling technique by
virtue of the dual-branch structure, leading to reduced di-
vergence between the category distributions of the two do-
mains; at the feature level, we introduce an adversarial per-
turbation strategy to better augment source domain feature,
resulting in improved alignment in feature distribution. Ex-
tensive experiments have demonstrated the effectiveness of
our proposed DETA framework in WSI-based survival anal-
ysis under the domain shift scenario.

1. Introduction

In clinic, survival analysis aims to predict the time from
the start of treatment to death or disease recurrence, which
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Figure 1. An example of pathology images with distribution shift.
The left shows image from two WSI datasets, i.e., BLCA and
LUAD. The right shows the category distribution and the t-SNE
visualization of the extracted features by CLAM [24] method.

plays an important role in clinical prognosis [18]. Tradi-
tional survival analysis methods usually rely on short-term
clinical indicators [19, 52] and long-term follow-up reports
[4, 40], which are often very time-consuming in practical
applications. In recent years, with the development of deep
learning technology, significant progress has been made in
medical image analysis, allowing survival analysis to be
more effectively integrated with more informative pathol-
ogy images [16, 36]. By virtue of deep neural networks
(DNNs), features from pathological images can be auto-
matically extracted, thereby helping researchers to estab-
lish powerful survival models. In recent years, the whole
slide histopathological images (WSIs) are of particular in-
terest for this task [2, 31, 51], since they can provide rich in-
formation of diseased tissue samples, e.g., the microscopic
changes in tumor cells and their microenvironment, allow-
ing the model to have a deeper understanding of the charac-
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teristics and behavior of the tumor.

Since WSIs are generally very large, e.g., can be with
1 million by 1 million pixels, a common strategy in WSI-
based survival analysis is to divide a WSI into patches shar-
ing a same label, which can thus be formulated as a multi-
instance learning (MIL) problem [1, 6, 29, 37]. By ex-
ploiting the similarities between those patches, a graph with
patches being its nodes can be constructed as a representa-
tion of the WSI, and thus the graph-based methods relying
on the graph convolutional networks (GCNs) have been de-
veloped to solve such a MIL problem [22, 53]. Since GCNs
can effectively capture complex spatial structures and con-
textual information to reflect potential pathological features
and their interactions, a good global representation of the
WSI is expected to be learned, thereby achieving accurate
survival prediction among the state-of-the-art ones [8, 41].

Though achieving promising performance, existing
WSI-based survival analysis methods are generally con-
structed without considering the domain shift issue which is
often encountered in real scenarios. Specifically, WSIs col-
lected by different hospitals or laboratories may have signif-
icant differences in distribution due to imaging equipment,
processing procedures, and sample sources. We show an
example in Fig. | by visualizing the category distributions
and the distributions of features extracted by CLAM [24]
of two WSI datasets. It can be seen that, in addition to the
apparent visual differences in the original patches shown on
the left, both the category and feature distributions of the
two datasets significantly deviate from each other. Due to
such a domain shift, the survival analysis models trained on
one domain could hardly transfer to another, resulting in de-
graded performance in the target domain, which limits their
availability in real applications.

To address the above issue, we propose an innovative
Dual-branch Encoder and Two-level Alignment (DETA)
framework to realize the graph domain adaptation (GDA)
for the WSI-based survival analysis by fully exploring both
category and feature-level distribution alignment between
different WSI domains. Specifically, using the graph repre-
sentation of WSIs, we first formulate the concerned prob-
lem as GDA. Then, we design a dual-branch graph encoder,
containing a message passing (MP) and a shortest path (SP)
branch to fully utilize the features of both the source and tar-
get WSI graphs. Within the dual structure, the MP branch
can implicitly learn the topological semantics in the graph
by neighborhood aggregation, while the SP branch comple-
mentarily provides explicit high-order structural semantics.
Next, we develop several techniques to align the source and
target domains at both category and feature levels. Specif-
ically, at the category level, we define coupled evidence
lower bounds, by virtue of the dual-branch structure of the
graph encoder to jointly train the graph encoder and risk
predictor, so that the divergence between the category dis-

tributions of the two domains is expected to be reduced;
at the feature level, we adversarially train a domain classi-
fier and learn the perturbations to the graph features of the
source domain, so that the feature distributions of both do-
mains can be better aligned. With all these designs, the final
survival prediction performance is expected to be enhanced.
Our main contributions can be summarized as follows:

* To the best of our knowledge, we make the first attempt
to alleviate the domain shift issue in the WSI-based sur-
vival analysis task, thereby enhancing its availability in
real scenarios.

* We propose a Dual-branch Encoder and Two-level Align-
ment (DETA) framework to explicitly and implicitly ex-
tract semantic information from WSIs, as well as align
both the category and feature distributions of source and
target domains, such that the risk predictor can perform
well in the target domain.

* We apply the proposed method to four public TCGA
datasets with different adaptation directions and demon-
strate its superior performance for the WSI-based survival
analysis under the domain shift scenario.

2. Related Work
2.1. WSIs-based Survival Analysis

Survival prediction plays a vital role in clinical medicine,
providing doctors with valuable information to evaluate
disease progression and treatment effects. Traditionally,
survival prediction usually relies on rich clinical data, in-
cluding short-term clinical indicators [19], [52], long-term
follow-up reports [4, 40] and various radiological images
[12, 30]. Recently, with the rapid development of deep
learning, WSI-based survival analysis has attracted increas-
ing attention, since rich information about the disease can
be provided by the gigapixel pathological images [5, 25].
Since the WSI is generally with very high resolution, a com-
mon strategy is to divide it into patches sharing the same
labels and treat the WSI-based survival analysis as MIL
problem [1, 54]. For example, CMIB [56] captures the pri-
vate and public features of different modalities through a
co-attention mechanism and introduces a multimodal infor-
mation bottleneck to obtain a robust representation of fused
features. TANGLE [17] adopts a modality-specific encoder
and contrastive learning to aligns the outputs and learn a
task-agnostic slice embeddings. However, since WSIs come
from different hospitals or laboratories, the domain shift is-
sue can occur in real scenarios, limiting the availability of
WSI-based survival analysis in practical applications.

2.2. Unsupervised Domain Adaptation

Unsupervised domain adaptation (UDA) aims to learn
domain-invariant representations so that the model can be
transferred from a source domain with rich labels to a tar-
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get domain with scarce labels, which is crucial to improv-
ing the generalization ability of the model in different ap-
plication scenarios [27], [35], [11], [28]. Existing UDA
methods can be roughly divided into two categories: do-
main difference-based methods and adversarial methods.
Domain difference-based methods usually combine multi-
ple distribution indicators (e.g., maximum mean difference
[32] and Wasserstein distance [34]) to measure the differ-
ence between the source domain and the target domain. By
quantifying the distribution difference between the source
domain and the target domain, the model is adjusted to bet-
ter adapt to the target domain. In contrast, adversarial meth-
ods [7, 50] adopt a more implicit strategy to reduce inter-
domain differences by introducing domain discriminators.

2.3. Graph Domain Adaption

Graph domain adaptation (GDA) focuses on how to effec-
tively transfer information from source graphs to unlabeled
target graphs to learn effective node-level representations
[23], [45], [26]. Existing methods usually focus on domain
alignment through graph neural networks (GNNs) to pro-
mote knowledge transfer between source and target graphs
[44], [57], [7]. However, these methods often ignore the
importance of category distribution alignment in the case of
label scarcity and domain shift [14], [50], [49], [48]. Par-
ticularly, when the number of samples in the target domain
is scarce, it is difficult for a model to accurately capture the
feature distribution without sufficient category information.

3. Problem Formulation

WSI-based survival analysis. Suppose Z =
{z1,29,...,2n} is the WSI-based survival data of N pa-
tients, where z; is represented by a triplet z; = {x;, ¢;, i },
x; is the WSIL, ¢; € {0,1} denotes the right censorship
status, with ¢; = 1 indicating that the ¢-th sample is
uncensored and ¢; = 0 censored, and y; represents the
observed time. The goal of survival analysis is to estimate
the following hazard function h(y|x):

Py <0 <y+AylO >y,z)

Ay ’
where O is the survival time, and consequently obtain the
survival function S(y|z) = P(O > y|z).

In the deep learning practice for the WSI-based survival
analysis, the time is often discretized into intervals and y;
takes the integer value indicating which time interval (or the
risk level) the i-th patient belongs to [54, 55]. In this case,
the hazard function becomes

h(ylz) = P(O = y|O > y,z),

D

h(ylz) = Jim

yzlvza"'7K7 (2)

where K denotes the total risk levels, and then the survival
function can be obtained as

Swle) = _ (1= h(jil)). ®

By virtue of DNNGs, one can explicitly parameterize h(y|z):

h(ylz) = ¢y(g(x)),
where g(-) is the feature extractor and ¢, (-) maps the fea-
ture vector to the conditional probability P(O = y|O >
y, x) so that 25:1 P(O =y|O > y,z) = 1, which can be
realized by a multilayer perception (MLP) with the softmax
output. Then A can be learned by minimizing the following
loss derived from the maximum likelihood estimation:

y=12,-- K, “)

N
Loury = — Zi:l C; [log S(y1|$1) + log h(yz\;m)]
N .
- Zi:l(l —ci)log S(yi + 1|w:)

It should be mentioned that we follow the discrete-time set-
ting, since the category distribution can be easier to explore
for domain adaptation.

Graph representation for WSI-based survival analysis.
As mentioned in the Introduction, graph-based methods
have achieved promising performance for WSI-based sur-
vival analysis [8, 22, 41, 53], since the graph-representation
is helpful to capture complex structures and contextual in-
formation to reflect pathological features and their inter-
action, leading to good global representations for WSIs.
The main idea is to first divide the large WSI into a se-
ries non-overlap patches and extract features for them, and
then construct a graph with each node being the feature of
one patch and each edge represents the neighborhood rela-
tionship between two patches. Such a WSI graph can be
formally represented as G = (V, E, F'), where V denotes
the node set, F represents the edge set, and F' € RIVIxd
is the node attribute matrix, with |V| is the total number of
nodes, and d is the dimension of the attribute (or feature)
of each node. With the constructed WSI graphs, the origi-
nal WSI-based survival analysis now can be regarded as a
graph learning problem using data triplets {G;, ¢, vi} Y,
where G; is the graph constructed by WSI z;. In this
work, following [18, 46], we adopt CLAM [24] to crop each
WSI into 512x512 non-overlap patches and extract 1024-
dimensional feature for each patch, and use the K-nearest
neighbor (KNN) algorithm to construct the graph according
to the Euclidean distance between patch features.

GDA for survival analysis. As mentioned in the Intro-
duction, the above-formulated WSI-based survival analy-
sis may suffer from the domain shift issue in real applica-
tions. Therefore, our work is to develop a GDA method
to alleviate this issue. Before that, we first formally de-
scribe the problem we are trying to solve. Suppose we
have a set of training data from the so-called source do-
main, with known labels of the risk level, denoted as D* =
(G, ¢,y } e, where N, is the number of data from the
source domain. Then we can train a model to define the haz-
ard function h using D*. Now a new dataset comes from
the so-called target domain with unknown labels, denoted

&)
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Figure 2. An overview of our proposed archicture DETA. The dual branch graph encoder utilizes the MP branch and the SP branch to
explicitly and implicitly extract semantic information. To realize GDA, we propose a two-level alignment strategy to train the graph encoder
and the hazard predictor, using both the labeled WSI graphs from the source domain and the unlabeled ones from the target domain.

as D' = {G'} ;V:t 1» where N, is the number of data from the
target domain, and we want to predict the risk level for each
G; using the trained h. However, since there is no guarantee
that D* and D! have the same distribution, directly using h
could have poor prediction performance. Therefore, we try
to fine-tune h by aligning the distributions of the two do-

mains to enable it to perform well on the target domain.

4. Proposed Method

In this section, we first briefly overview the proposed DETA
framework, and then describe the details of its components,
as well as the training strategy.

4.1. Framework Overview

Fig. 2 shows the overview of the proposed DETA frame-
work. In the specific, the main network consists of a dual-
branch graph encoder F'(-) that intends to both explicitly
and implicitly extract semantic information, respectively
using the SP branch and the MP branch, which will be dis-
cussed in Section 4.2; and a hazard predictor A(-) that takes
the feature output by F' and predicts the risk level of the
corresponding WSI, which is constructed with MLP. To re-
alize GDA, we propose a two-level alignment strategy to
train the graph encoder and the hazard predictor, using both
the labeled WSI graphs from the source domain and the un-
labeled ones from the target domain. Specifically, at the
category level, we design the coupling dual evidence lower
bounds (ELBOs), by virtue of the dual-branch structure of
the graph encoder, to align the category distributions of the
two domains; while at the feature level, we propose an ad-
versarial perturbation strategy to add perturbations to the
features extracted from the source domain in an adversarial
way against that from the target one with the assist of the

domain classifier T'(+), such that the features distributions
of the two domains are expected to be better aligned.

4.2. Design of the Dual-branch Graph Encoder

In existing studies, message passing neural networks
(MPNN:Ss) are often used to implicitly capture the topolog-
ical semantics in the graph through neighborhood aggrega-
tion and use these representations to transfer knowledge be-
tween different domains [38, 49], which have shown their
effectiveness. However, since both the graph structures and
feature distributions of different domains can largely devi-
ate from each other, only relying on the neighborhood infor-
mation could not be sufficient enough to capture the graph
semantics for GDA. Therefore, we adopt the graph kernel
method to explicitly capture the high-order semantic rela-
tion in the graph [3, 13] using the SP branch. Combining the
MP branch, the dual-branch graph encoder is constructed,
as shown in Fig. 3. In the following, we discuss the detail
of the two branches.

The MP Branch. The MP branch in our graph encoder
consists of multiple stages of message passing process.
One single message passing stage can be typically divided
into two steps, i.e., message passing and node update. In
the message passing step, the node v receives messages,
i.e., features, from its neighbor nodes N (v) and aggregates
them; and in the node update step, the feature of each node
is updated by combining its current feature and the aggre-
gation of neighbor features. This process can be written as

A+ — UPD (h,‘f),AGG ({th) u € N(v)})) ©)

where hg) denotes the feature of node v at the ¢-th stage,
UPD is the update function, and AGG is an aggregation
function, following the standard GCN process [50].
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Figure 3. An overview of the proposed branch coupling.

The SP Branch. As mentioned before, the SP branch aims
to explicitly capture the high-order semantic relation in the
graph using the graph kernel method [3, 13]. Specifically,
we generate a series of shortest paths from local substruc-
tures and extract higher-order and global semantic represen-
tations from the local information.

Let Ny (u) denote the set of all nodes reachable from
node u via the shortest path of length £. In each layer of the
SP branch, the representation of node « is updated by ag-
gregating features all nodes from { N}, (u)}_,, where K is
a hyperparameter representing the maximum length of the
shortest path. Furthermore, we introduce position encod-
ing for the node representation mlu EN(w) in each layer [ to
identify the node’s position as follows:

mLENk(u) = U(mi;e/\/’k(u) + TE(k))v

. k k
TE(k)QrL = Ssin <W) 7TE(]€)2»L'+1 = COS (W)
(@)
where o is the activation function, TE(k) is the position
embeddings and ¢ € [1, d] is the index of embeddings.
Then the update of the feature representation of node v

according to different path lengths &k can be summarized as

Alsp (i {mi"l}uem(”))

k=1

l — A1
My Ny (u) = Lbsp | My

®
where Csp and Agp is the combination and aggregation
operators, respectively.

4.3. Coupling Dual Branches for Category-level
Alignment

Generating pseudo labels for the target domain is helpful
for domain adaptation [10, 49]. Specifically, adding target
domain samples with pseudo labels to the training process
of the source domain can prevent the excessive shift of cer-
tain categories. However, due to the domain shift issue, the
pseudo labels could be inaccurate and have a category dis-
tribution different from the source domain. Therefore, the

category-level alignment is important to ensure the consis-
tency of the category distribution of pseudo labels to that of
the source domain. Notably, “category” means risk groups
(e.g., low risk, high risk, etc.) based on patient survival
time. To this end, by exploiting the characteristics of the
dual-branch encoder structure, we proposed coupling the
two branches by deriving ELBOs from two directions, to
better align the category distributions of the two domains
and enhance the quality of the pseudo label. In addition,
we also use a filtering mechanism to retain high-confidence
pseudo labels. It should be mentioned that, since the losses
guide the training of the encoder, such a category-level
alignment can also help align the features of two domains.

Now we introduce the idea of our coupling strategy.
Let’s first consider the GDA problem we face: given the
source graph G, its label y° and target graph G?, we want
to predict the label for G*, denoted as §’, which can be
treated as a latent variable here. Then we can write the fol-
lowing log-likelihood and its ELBO:

logp (y° | G°,G")

s . s 9
> Eygtiat) [logp (v°, 5" | G°, G")

—logq (3" 1G")],

where the p, ¢ are seen as two parameterizations for the la-
bel distribution given a graph G. Traditionally, an ELBO is
used to learn the approximation ¢ to the target p. However,
note that there are two branches in the graph encoder, and
thus we can use the two branches to parameterize the two
distributions, respectively. Furthermore, we can also ex-
change the positions of p and ¢, and thus the two branches
can mutually act as targets and approximations to couple
their training, thereby promoting the training efficacy.

To be specific, with p being fixed, the ELBO in Eq. (9)
can be equivalently write as:

KL(a(y' | G") Ilp(v' | G°.G" "))

= —Eygt1ct) [logp(y®, §'1G*, G") —log q(§'|G")]
+ I[‘:q(y’va‘t) [p(y; | G7)]

(10)

Then denoting the distributions parameterized by MP and
SP as py and g, using the coupling strategy introduced be-
fore, we get the following losses for updating MP and SP,
respectively, with the other fixed:

L1 =K, (5rat)>c [logao (v 90 | GI,G1) —loggs (4 | G1)]
—Eq,(y5,65) logpe (vi | G7)

L2 =K, (5160)>¢ [logao (v, 3i | G, G) —logao (31 | G1)]

—Egyve,69) logps (vi | G7)

(1D
where §! is the target pseudo-label filtered by the MP or SP
branch. Note that we have introduced a threshold { when
calculating the expectations, which acts as a confidence fil-
ter to select samples with high quality pseudo labels.
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Table 1. The experimental results of survival analysis in one TCGA datasets as the training set and the other three datasets as the test sets.
We highlight the top two best performing scores in red and blue, respectively.

Methods Year BLCA—LGG BLCA—UCEC BLCA—LUAD | LGG—BLCA LGG—UCEC LGG—LUAD
AttMIL [15] 2018  0.544540.0014  0.5561£0.0033  0.558240.0095 | 0.5147+0.0011  0.5159=+0.0011 0.5280+0.0008
CLAM [24] 2021  0.542940.0076 ~ 0.5623£0.0019  0.524040.0048 | 0.5321£0.0031  0.5540+£0.0065  0.512740.0005
TransMIL [33] 2021  0.5890£0.0012  0.5667£0.0074  0.510040.0005 | 0.5316£0.0015  0.5942+0.0011  0.5046=£0.0023
DSMIL [20] 2021  0.581640.0037  0.5752+0.0094  0.541140.0013 | 0.5428+0.0021  0.5714+£0.0067  0.563140.0018
STRAP [47] 2021 0.613440.0374  0.6218+0.0241 0.5799+0.0213 | 0.58264+0.0319  0.60774+0.0412  0.615240.0183
PathOmics [9] 2023 0.586140.0072  0.5758+0.0073  0.573240.0030 | 0.5490+0.0021  0.5513£0.0080  0.5672+0.0010
CMTA [55] 2023 0.590040.0076  0.5806£0.0041 0.5886£0.0028 | 0.5699+0.0014  0.56554+0.0024  0.536740.0005
RRTMIL [39] 2024 0.5714£0.0031  0.5738+0.0033  0.571240.0048 | 0.5511£0.0006  0.5738+0.0082  0.5719£0.0014
MoME [46] 2024 0.597440.0013  0.5769£0.0018  0.586240.0047 | 0.5794£0.0006  0.5628+0.0065  0.5872+0.0031
WiKG [21] 2024 0.591840.0021 0.5889+0.0110  0.577240.0007 | 0.5882+0.0024  0.5758+0.0064  0.5593+0.0018
SurvPath [18] 2024  0.607540.0045  0.5905£0.0077  0.579940.0019 | 0.5772+£0.0027  0.5794+£0.0017  0.5954+0.0019
CTL [43] 2024 0.6215£0.0216  0.6431£0.0192  0.595640.0243 | 0.5915£0.0372  0.5891£0.0280  0.6033£0.0147
ECB [43] 2024 0.605940.0491  0.6526£0.0372  0.574940.0184 | 0.5884+£0,0591  0.5993+0.0374  0.6058+0.0417
DETA (Ours) - 0.6566£0.0030  0.7026+0.0015  0.6259+0.0083 | 0.62274+0.0054  0.65284+0.0039  0.645240.0033
ethods ear = = = = = =
AttMIL [15] 2018  0.532740.0034  0.5238+0.0047  0.510040.0032 | 0.5281£0.0051  0.5409+0.0120  0.522040.0008
CLAM [24] 2021  0.517840.0021  0.5150£0.0045  0.544240.0019 | 0.5525+£0.0083  0.5387+£0.0065  0.5118+0.0005
TransMIL [33] 2021  0.6137£0.0021  0.5660-£0.0016  0.518040.0013 | 0.5345+0.0027  0.5461+0.0014  0.5263£0.0012
DSMIL [20] 2021 0.550740.0043  0.5524+£0.0036  0.507940.0011 | 0.5553+0.0103  0.5535+0.0067  0.538740.0039
STRAP [47] 2021 0.617640.0025  0.6054£0.0073  0.592040.0022 | 0.6117£0.0044  0.6135+0.0034  0.599440.0077
PathOmics [9] 2023 0.564940.0069  0.5780£0.0013  0.565340.0015 | 0.5406£0.0074  0.5609+0.0023  0.5514+0.0039
CMTA [55] 2023 0.5992£0.0018  0.5589+£0.0008  0.565540.0045 | 0.5510=£0.0048  0.565040.0094  0.5827+0.0021
RRTMIL [39] 2024 0.5875£0.0017  0.5524+£0.0008  0.574240.0018 | 0.5443£0.0045  0.5611+0.0008  0.5688+0.0026
MoME [46] 2024  0.582140.0006  0.5719£0.0020  0.571140.0014 | 0.5540+0.0023  0.6026+£0.0034  0.57694-0.0036
WiKG [21] 2024 0.516040.0028  0.5404£0.0025  0.5658+0.0044 | 0.6077+£0.0044  0.5641+£0.0113  0.5653+0.0005
SurvPath [18] 2024  0.597340.0014  0.5917+£0.0036  0.576940.0025 | 0.6123+£0.0077  0.5714+£0.0037  0.5625+0.0013
CTL [43] 2024 0.6094£0.0085  0.6113£0.0079  0.614540.0068 | 0.6146£0.0057  0.6231£0.0049  0.6038+0.0066
ECB [43] 2024  0.605940.0046  0..605140.0073  0.611040.0059 | 0.6127£0.0033  0.6286+0.0049  0.5847+0.0031
DETA (Ours) - 0.6227£0.0049  0.62451+0.0069  0.6347£0.0036 | 0.6198+0.0061  0.64261+0.0018  0.612740.0108

4.4. Adversarial Perturbation for Feature-level
Alignment

Adding perturbation in the source domain is an effective
data augmentation strategy for better domain alignment [1].
An often adopted approach is to add random perturbation
to the features of the source domain [26, 50]. However, al-
though such randomness is expected to improve the gener-
alization ability of the model, it could ignore key semantic
information for alignment. Therefore, we introduce adap-
tively learnable perturbations to more effectively identify
meaningful perturbation directions, such that the features
of two domains can be more consistent in distribution.
Specifically, we add perturbations §** and §°F to the
node features of the source graph and input them to the MP
and SP branch, respectively, and learn the perturbations in
an adversarial way with the aid of a domain classifier D(-):

. _ _ t oAt
e 0 TR Lar =Egrept log (1= DU, 7))

+ Egseps log D(H®, p*)

(12)
where H° is the output of the graph encoder with the per-
turbed input in source domain, H' is the output without per-
turbation in target domain, and p; and ﬁ; are the category
distributions of the two domains predicted by the hazard
function. With such a adversarial training process, the fea-
ture distributions of both domains can be better aligned.

To optimize Eq. 12, we first randomly initialize the per-

turbation 5;M PISP in the range (—e¢,€). We then update

§MP/SP ysing the gradient descent direction:

= ST e (15 /e (s

F

T
¢ (&fup/sp) = Vuryse log D(H®),
(13)

MP/ SP) is the gradient with respect to the per-

where £ (5t

turbation 6 F/5F and ¢ € [1,T) is the update step size.

4.5. Model Training

The proposed method is implemented with a two-stage
training. In the pre-training stage, we train the graph en-
coder F'(-) and hazard predictor h(-) on the source domain
dataset D using the survival loss defined in Eq. (5). Then in
the GDA stage, fine-tune F'(-) and h(-) with the combina-
tion of the survival loss and the losses proposed in Section
4.3 and 4.4. The overall training objective in the GDA stage
can be summarized as follows:

min
5AIP755P’h75

{Lsm Lo+ Lo+ mgX{L:Ap}} R

5. Experiments

In this section, we conduct extensive experiments on four
TCGA datasets to evaluate the effectiveness of our proposed
model. First, we describe the datasets and evaluation met-
rics used in the experiments. Then, we compare our model
with some of the current state-of-the-art (SOTA) methods.
Next, we conduct ablation studies to show the effectiveness
of each key component. To further show the effectiveness
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Table 2. The results of ablation studies in one TCGA datasets as the training set and the other three datasets as the test sets. We highlight

the best performing scores in red.

Methods BLCA—LGG BLCA—UCEC BLCA—LUAD ‘ LGG—BLCA LGG—UCEC LGG—LUAD
w/o MP 0.54890.1077 0.6181 0 0854 0.5790,0.0469 0.57820.0445 0.6101 .0407 0.56990.0753
wio SP 0.54150 1151 0.6646, .55 0.5687 0 0512 0568700510 0.5976,0 0501 0.57350 071+
wlo M P 0.53680.1198 0.6255 0.0771 0.5734 6.0525 0.5584 | 0.0643 0.6077 10.0451 0.56910.0761
wlo §5F 0~5249¢&1317 0.6134&0‘0892 0.5669¢()A()590 0~5531,L0,0696 0'5929$0»0599 0.5617¢()_()835
w/o AP 0.52010.1365 0.6079 0.0947 0.5618 . 0641 0.5490 1 0.0737 0.5905 1 0.0675 0.5600 00852
w/o BC 0.5347“)‘1219 0~6357¢0,0489 0'5721$040538 05544$00683 0.6031“)'0497 0.5684¢0.0768
DETA (Ours) 0.6566 0.7026 0.6259 0.6227 0.6528 0.6452
Methods UCEC—LGG UCEC—BLCA UCEC—LUAD | LUAD—LGG LUAD—UCEC LUAD—BLCA
w/o MP 0.55980.0629 0.5565 1 0.0680 0.5721 1 0.0626 0.5373 0.0825 0.5966 1 0.0460 0.5864 0.0263
w/o SP 0.5595“)‘0632 0'5491$0»0754 0.569()‘“)‘()657 0'5499$0»0699 05993i00433 0.5689¢0.0429
wlo §MP 0.5517 10.0710 0.5556 0.0689 0.5718 0.0656 0.5441 0.0757 0.5964 0. 0462 0.58820.0245
wlo 65F 0.54880.0739 0.5536 0.0709 0.57110.0636 0.5452 0.0774 0.5913 0.0513 0.5689 0.0438
w/o AP 0.5412 00815 0.5487 1 0.0758 0.5702 | 5.0645 0.53590.0839 0.58130.0613 0.5622 | .0505
w/o BC 0.54590.0768 0.5510y0.0735 0.56830.0664 0.5397 10.0801 0.58269.0600 0.57729.0355
DETA (Ours) 0.6227 0.6245 0.6347 0.6198 0.6426 0.6127

of our method, we also provide a survival analysis example,
and visualize the feature and category alignment effects.

5.1. Datasets, Evaluation Metrics and Baselines

Datasets. The TCGA is a large-scale public database that
collects genomic and clinical data of thousands of cancer
patients, covering 33 common cancer types [42]. TCGA
has been widely used in survival analysis, providing rich
data support for identifying genetic variants. We selected
prognostic data from TCGA to evaluate the performance of
our proposed model. The datasets include: BLCA, LGG,
LUAD, and UCEC. We used a 5-fold cross-validation in
each data set, dividing the data into a training set and a val-
idation set to ensure the generalization ability of the model.
Evaluation Metrics. C-index is a metric used to evaluate
the model’s ability to predict survival time ranking. It mea-
sures the consistency between the survival time order pre-
dicted by the model and the actual order. The value range
of C-index is [0, 1]. The definition of C-index is as follows:

C-index = ﬁ Zl; I(T; <T3)(1—¢;)  (15)

where n represents the total number of samples, T; and T}
represent the survival time of the ¢-th patient and the j-th
patient, respectively, c; is the censorship status.
Baselines. We compare the proposed DETA with represen-
tative methods, including the GNN-based methods: WiKG
[21], Attention-based methods: AttMIL [15], CLAM
[24], CMTA [55], MoME]46], Transformer-based methods:
TransMIL [33], PathOmics [9], RRTMIL [39], SurvPath
[18], CNN-based methods: DSMIL [20], and domain adap-
tation methods: STRAP [47], CTL [43], ECB [43].

5.2. Comparisons with SOTA methods

As shown in Table 1, our proposed DETA method achieves
the best performance on all TCGA datasets. This perfor-
mance improvement is mainly due to the following two key

factors: (1) Using MP branch and SP branch to extract key
semantic information from an implicit and explicit perspec-
tive respectively significantly enhances the ability to cap-
ture global dependencies. (2) DETA further enhances cross-
domain category and feature alignment through branch cou-
pling and adversarial perturbation mechanisms. The branch
coupling achieves efficient category alignment by fusing the
output features of the MP and SP branch. By introducing
adversarial perturbations into the source domain features,
the model can better align the feature distribution in the
target domain, effectively alleviating the distribution differ-
ence between the source domain and the target domain.

5.3. Ablation Studies

To comprehensively evaluate the impact of each module on
the performance of DETA, we conducted ablation experi-
ments. Specifically, we removed different modules one by
one and evaluated the model performance. (1) w/o MP: both
branches all using the SP branch. (2) w/o SP: both branches
all using the MP branch. (3) w/o §F: MP branch without
perturbation. (4) w/o 6°: SP branch without perturbation.
(5) w/o AP: The perturbation was removed from both the
MP branch and the SP branch. (6) w/o BC: The branch
coupling was removed.

From Table 2, several conclusions can be made. (1)
DETA outperforms the variants w/o MP or w/o SP, which
highlights the importance of extracting graph semantic in-
formation from both implicit and explicit perspectives. The
dual-branch design can effectively make up for the short-
comings of a single branch and achieve comprehensive cap-
ture of multi-level graph semantics. (2) DETA performs sig-
nificantly better than the models without perturbation mod-
ules (i.e., w/o MF wio 657, and w/o AP). The results
show the important role of learnable perturbation modules
in cross-domain tasks. (3) w/o BC performs better than w/o
AP but worse than DETA. We attribute the fact that although
the branch coupling is removed in the w/o BC variant, the
perturbation module is still retained, which can alleviate the
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Figure 4. According to the predicted risks, all patients are stratified into low-risk and high-risk group, and Kaplan-Meier analysis is used
to display the changes in the survival probability over time. We further use the Log-rank test to perform statistical significance testing.

(a) CMTA

(b) Ours

Figure 5. t-SNE visualizations of the feature distributions of
source and target domains by CMTA and our method.

domain distribution difference. However, due to the lack of
category alignment, the model’s performance is limited.

5.4. Survival Analysis

To further verify the effectiveness of the DETA model, we
divided all patients into low-risk and high-risk groups based
on the risk score predicted by DETA. Specifically, we used
the median of the risk score as the boundary of the grouping
and used the Kaplan-Meier survival curve analysis method
to visualize the survival of all patients. As shown in Fig. 4,
the analysis results intuitively show the survival differences
between different risk groups. To evaluate the statistical sig-
nificance of the survival difference, we also performed a Lo-
grank test. This test measures whether the survival differ-
ence between the low-risk group and the high-risk group is
significant by calculating the p-value. Generally, a p-value
less than or equal to 0.05 is considered statistically signifi-
cant, which means that there is a significant difference in the
survival curves between the two groups. It can be clearly
seen from the results of Fig. 4 that the p-value is signifi-
cantly less than 0.05 on all data sets, indicating the potential
availability of the proposed method in survival analysis.

5.5. Visualization of the Feature and Category
Alignment

To better show the mechanism of the proposed method for
its promising performance, we visualize the feature and cat-
egory alignment results in comparison with CMTA, which
is one of the SOTA WSI-based survival analysis methods.
Specifically, Fig. 5 shows the t-SNE embedding of the fea-

2 3

Category distribution

(a) CMTA

Category distribution

(b) Ours

Figure 6. Visualizations of the category distributions of source and
target domains by CMTA and our method.

tures extracted from the source and target domains by our
model and CMTA, respectively, and we can see a clear fea-
ture distribution shift between the source domain and the
target domain by CMTA. In contrast, our model minimizes
the distribution divergence between the source and target
domains. Furthermore, we also counted the empirical cate-
gory distributions by both methods in Fig 6, and the result
shows that the category distributions of the source and tar-
get domain by our method look very similar to each other,
showing its promising category alignment effect.

6. Conclusions

In this paper, we propose a DETA framework to explore
both feature and category-level alignment between differ-
ent WSI domains. Specifically, we first formulate the con-
cerned problem as GDA by virtue of the graph represen-
tation of WSIs. Then we construct a dual-branch graph
encoder, including the MP branch and the SP branch, to
explicitly and implicitly extract semantic information from
the graph-represented WSIs. To realize GDA, we propose
a two-level alignment approach: at the category level, we
develop a coupling technique by virtue of the dual-branch
structure, leading to reduced divergence between the cate-
gory distributions of the two domains; at the feature level,
we introduce an adversarial perturbation strategy to bet-
ter augment source domain feature, resulting in improved
alignment in feature distribution. Extensive experiments on
four TCGA datasets have validated the effectiveness of our
proposed DETA framework and demonstrated its superior
performance in WSI-based survival analysis.
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