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Abstract

Deep learning has significantly enhanced survival prediction
using whole slide images (WSIs) by adopting a two-stage
learning paradigm: WSI preparation and patient-level predic-
tion. While existing research generally concentrates on devel-
oping advanced patient-level prediction modules, the critical
importance of WSI preparation has been largely overlooked.
In practice, WSI preparation is influenced by numerous fac-
tors, including tissue heterogeneity, sampling strategies, and
technical considerations. These uncontrollable external fac-
tors incur variability in the number of WSIs among patients,
introducing significant bias and resulting in inferior perfor-
mance for patients with few WSIs. To address this challenge,
we propose a novel approach named WSI-Diffusion. Unlike
existing WSI generation models that produce augmented ver-
sions of input WSIs, our method generates entirely new WSIs
in representation space to serve as complementary data. WSI-
Diffusion employs a two-stage hierarchical diffusion process.
Two novel modules, WSI-level and patch-level Diffusers are
designed to capture complex correlations between WSIs and
patches. The generated WSIs are integrated as supplemen-
tary data, and a light patient-level prediction module is then
trained for survival prediction. Experimental results across
five datasets demonstrate the superiority of our proposal.

1 Introduction
Survival prediction has been a long-standing clinical task,
focusing on estimating the probability of mortality within a
specified timeframe (Bakas et al. 2018). The cornerstone of
survival prediction involves the microscopic examination of
tissues and cells (Azadi et al. 2023), which can be digitized
using high-throughput slide scanners, known as Whole Slide
Images (WSIs). With the integration of WSIs into routine
clinical workflows and the substantial advancement of deep
learning, WSI-based deep survival models have become in-
creasingly prevalent (Tang et al. 2019; Zhu et al. 2017).

Existing WSI-based survival prediction models (Yao et al.
2020a; Shen et al. 2022; Fan et al. 2022) generally follow
a two-stage paradigm. (1) WSI Preparation involves col-
lecting and transforming WSIs into a format suitable for
deep learning. Pathology laboratories initially obtain and
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Figure 1: The illustration of the bias in the number of WSIs
across patients and its impact on prediction performance.

preserve each WSI from tissue blocks resected during can-
cer diagnosis and treatment (Aberle et al. 2011). Due to the
computational infeasibility of using an entire WSI with gi-
gapixel spatial resolution as input, WSIs are divided into
smaller patches (Zhu et al. 2017), which are then fed into
a pre-trained encoder (e.g., ResNet) to extract patch-level
features. (2) Patient-level Prediction involves training a
regression model to predict survival outcomes. Based on
the patch-level features, existing models employ clustering
(Yao et al. 2020a), graph-building (Liu et al. 2023b), or se-
quential methods (Huang et al. 2021; Shao et al. 2023a) to
model survival-related patch-level interactions. These corre-
lations are captured by various encoders (e.g., Transformer
(Vaswani et al. 2017)) to learn patient-level representations,
which are subsequently mapped to survival outcomes.

Significant efforts have been dedicated to improving
patient-level prediction through complex patch correlations
and advanced encoders (Fan et al. 2022; Jaume et al. 2021;
Yao et al. 2020b). However, solely advancing the patient-
level prediction might not be the panacea. The WSI prepa-
ration stage plays a critical role in establishing a solid
data foundation for survival analysis, yet it is often over-
looked. Unlike tumor detection, which targets localized re-
gions within WSIs (Liu et al. 2023a), survival prediction
requires a comprehensive analysis of histological features
across tissues (Zhu et al. 2017). Diverse WSIs offer in-
sights into the patient’s health status from multiple vantage
points, culminating in a holistic blueprint when these WSIs
are collectively analyzed within a unified framework (Fan
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et al. 2022). In practice, the preparation of WSIs is influ-
enced by numerous factors, including tissue heterogeneity
and sampling strategies (Albertina et al. 2016). These un-
controllable external factors result in significant challenges
regarding the completeness of WSIs. Consequently, patients
may have varying numbers of WSIs, leading to substantial
bias and reduced predictive performance.

To investigate the effect of varying WSI numbers across
patients, we conduct a preliminary study using a popular
deep survival model, DeepAttnMISL (Yao et al. 2020b), on
three datasets: NLST (Aberle et al. 2011), TCGA-LUAD,
and TCGA-LUSC (Kirk et al. 2016). As shown in Fig. 1,
patients are categorized into three groups based on the num-
ber of associated WSIs, indicated by different colors. The
bars represent the number of patients in each group, while
the line chart illustrates the model’s performance. DeepAt-
tnMISL is trained and tested on each group. Nearly a third
of patients have fewer than three WSIs. However, DeepAttn-
MISL exhibits degraded performance for patients with fewer
WSIs, restricting its practical applicability. The results show
that model performance on testing groups with fewer WSIs
is consistently inferior to those with more WSIs.

In light of the bias in WSI distribution among patients,
our motivation is to forecast “missing” WSIs as supplemen-
tary resources. This approach aligns with data augmenta-
tion (Shao et al. 2023b; Zaffar et al. 2022), where tech-
niques such as rotation, elastic deformation, and jitter are ap-
plied to manipulate patches, as illustrated in Fig. 2(a). How-
ever, current augmentation models can only modify existing
patches, resulting in augmented WSIs that reflect similar tis-
sue and tumor microenvironments. Therefore, these methods
merely expand existing knowledge without predicting new
insights as “missing” WSIs, leaving the challenge of incom-
plete data unresolved. Consequently, developing a WSI gen-
erator model capable of generating new WSIs, rather than
just manipulating pre-existing ones, becomes essential.

Directly generating WSIs of gigabyte sizes is practically
infeasible due to resource limitations and the scarcity of
training data. Considering that WSIs are typically encoded
into low-dimensional embeddings in deep models, we opt
to generate possible representations of “missing” WSIs. A
straightforward strategy involves masking one WSI from
a patient and attempting to regenerate its representation
by generating a series of patches based on the remaining
WSIs. However, this naive patch-to-patch generation over-
looks crucial WSI-level constraints. (1) Consistency among
Patches. Patches within a WSI often exhibit strong corre-
lations as they represent different areas of the same tissue
block (Fan et al. 2022). This consistency encompasses var-
ious attributes, including staining and nuclear morphology.
Therefore, when generating a set of patches within a WSI,
it is crucial to preserve consistency among them. (2) Tissue
Type Distribution. Patches within a WSI should adhere to a
distribution corresponding to different tissue types, such as
neoplastic, necrotic, and inflammatory (Gamper et al. 2019).
Variations in tissue type distribution between similar WSIs
can convey distinct prognostic information. For instance, a
higher proportion of neoplastic patches may indicate a more
aggressive tumor and suggest a poorer prognosis (Sanegre

Figure 2: We propose to generate new patch representations
to construct a “missing” WSI, as opposed to creating various
data augmentations of patches from the original WSI.

et al. 2021). Thus, it is imperative to incorporate this clini-
cally significant constraint during the generation process.

Given the challenges mentioned above, we propose a
novel model WSI-Diffusion to generate comprehensive
WSI representations for survival prediction using a hierar-
chical diffusion approach. The adoption of diffusion model
(Ho, Jain, and Abbeel 2020) is justified by its proven ef-
fectiveness in scenarios with limited data samples (Gian-
none, Nielsen, and Winther 2022; Wu et al. 2023). In the
WSI preparation stage, WSI-Diffusion employs a two-step
hierarchical diffusion process. Initially, it generates a WSI-
level feature as a patch consistency constraint, which serves
as a condition for generating patch-level representations.
This hierarchical structure divides the generation process
into two correlated phases, linking each patch with its cor-
responding WSI to ensure consistency among patches. To
maintain tissue type distribution, WSI-Diffusion employs a
distribution-aware sampling strategy. During patch consis-
tency constraint generation, it creates a reference tissue dis-
tribution by classifying and counting patches by tissue type.
Then WSI-Diffusion uses class embeddings sampled from
this reference distribution to condition each patch. This sam-
pling strategy ensures diverse generated patches while pre-
serving the distribution of tissue types. Extensive experi-
mental results on five datasets demonstrate its superiority.

The contributions of this work are as follows. First, as far
as we know, we are the first to investigate the novel problem
of WSI distribution bias across patients and reveal its effect
on the survival prediction task. Second, we propose a novel
WSI representation generation framework based on a hier-
archical diffusion model, which fills the gap between WSI-
level and patch-level generation. Third, we demonstrate the
effectiveness of our approach by showing its superior per-
formance compared to SOTA baselines.

2 Problem Definition
2.1 Definition of Survival Data
Given a group of patients P =

{
p1, . . . , p|P|

}
, each patient

p has a set of WSIs, represented as Wp =
{
w

(p)
1 , . . . , w

(p)
np

}
,

along with a follow-up label (δp, tp). np denotes the num-
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ber of WSIs associated with patient p. The binary indica-
tor δp represents censoring, indicating whether the survival
outcome for patient p has been observed before the end of
the study. Censoring occurs when patients succumb to other
causes or are lost to follow-up. A value of 1 indicates cen-
soring, while a value of 0 indicates that the event of interest
has occurred. The variable tp represents either the patient’s
survival time/period or a censored time/period.

2.2 Definition of Survival Prediction
The WSI-based survival prediction is defined as follows:
Given a set of a patient’s WSIs Wp, it aims to predict the
most likely survival time t̂p. This problem is formulated as:

argmax
ti∈R

Pr
(
t̂p = ti | Wp

)
. (1)

Our motivation, which lies in generating “missing” WSIs,
can be presented as: Given a set of a patient’s WSIs Wp,
generate the “missing” WSI wp using the generator fg():

wp = fg (z,Wp | θ) , (2)

where θ is the parameter set of fg(), z denotes noise sampled
from a specific distribution (e.g., normal distribution). After
generating the “missing” WSI wp, the definition of survival
prediction is revised by combining Eq. (2) into Eq. (1):

argmax
ti∈R

Pr
(
t̂p = ti | Wp ∪ fg (z,Wp | θ)

)
. (3)

As discussed in the introduction, significant effort has been
focused on modeling Pr. However, the contribution of our
approach is centered on how we model the WSI w, design
the generator fg , and optimize its parameters θ.

3 Methodology
The overall framework of WSI-Diffusion is depicted in
Fig.3. It consists of two diffusers: one for WSI-level gen-
eration and another for patch-level generation. Conditioned
on existing WSIs, the WSI-level diffuser generates two key
constraints: patch consistency constraint and tissue type dis-
tribution, which are then used for generating patch represen-
tations in the patch-level diffuser.

3.1 Multi-scale WSI Modeling
Multi-scale WSI modeling prepares input data for WSI-
Diffusion through two components: Feature Extraction and
Patch Classification. Feature Extraction obtains representa-
tions at both the WSI and patch levels for hierarchical diffu-
sion. Patch Classification assigns tissue types to each patch,
ensuring the preservation of the tissue type distribution.
Feature Extraction. In feature extraction, our objective is
to first segment WSIs into patches and subsequently map
both WSIs and patches into a shared representation space.
This approach is informed by previous research (Chen et al.
2022), which supports the modeling of WSIs and patches in
a representation space for two key reasons: First, generat-
ing WSIs in image space is impractical due to their substan-
tial gigabyte-sized dimensions. Second, generating patches
in image space is less direct, as current survival models use
patch representations, rather than the raw patches, as input.

For each WSI w, a pre-trained feature extractor fw() (e.g.,
HIPT (Chen et al. 2022)) is used to map the WSI into a rep-
resentation vector zw ∈ R1×C′

, where C ′ denotes the vec-
tor dimension. To explore the patch level, non-overlapping
and non-background patches are cropped from each WSI w
using a sliding window strategy combined with the OTSU
thresholding algorithm (Otsu 1979). These patches are then
mapped into the representation space using a pre-trained fea-
ture encoder fe() like HIPT, yielding a set of patch repre-
sentations Ew =

{
e
(w)
1 , . . . , e

(w)
k , . . . ., e

(w)
nw

}
, where nw de-

notes the number of patches in WSI w.
Patch Classification. To maintain the distribution of various
tissue types within each WSI, the first step involves assign-
ing a tissue type to each patch. This classification is per-
formed using HoverNet (Graham et al. 2019), a model pre-
trained on the PanNuke dataset (Gamper et al. 2019). Hover-
Net classifies nuclei within each patch into predefined types,
including neoplastic, dead, inflammatory, non-neoplastic ep-
ithelial, connective, and no label (Gamper et al. 2019). Each
patch is then categorized based on the most frequently pre-
dicted nucleus type through majority voting. Subsequently,
each patch is assigned a one-hot tissue type label y with di-
mensions 1× C, where C represents the number of classes.

3.2 Hierarchical WSI Diffusion Model
In this section, we outline the procedure for generating the
representation of a potential “missing” WSI w using the
WSI-Diffusion model, which includes the WSI-level dif-
fuser and the patch-level diffuser.
3.2.1 WSI-level Diffuser. Given a WSI w, we first extract
its feature as described in Multi-scale WSI Modeling, re-
sulting in zw ∈ R1×C′

. To derive the corresponding tissue
type distribution, we sum the set of patch labels yw for WSI
w, where yw has a size of nw × c, along the nw dimension.
Here, nw represents the number of patches in WSI w. The
resulting sum is then normalized to produce the tissue type
distribution pw for WSI w, with each dimension represent-
ing the proportion of each tissue type in WSI w.

The WSI-level diffuser is trained to generate the WSI rep-
resentation zw of w as patch consistency constraint and its
corresponding tissue type distribution pw, which are used
as conditions for the patch-level diffuser. Specifically, our
diffuser is based on a conditional denoising diffusion proba-
bilistic model (Ho, Jain, and Abbeel 2020; Zhang et al. 2023,
2024), which involves two processes: forward and reverse.

Forward process: Although z and p follow different dis-
tributions, their independent diffusion processes can be de-
scribed by a unified formula due to their similar structure:

q (xw
1:T | xw

0 ) =
T∏

t=1

q
(
xw
t | xw

t−1

)
, (4)

q
(
xw
t | xw

t−1

)
= N

(
xw
t ;

√
1− βtx

w
t−1, βtI

)
. (5)

Here, z and p are denoted by x for unification. xw
t repre-

sents the noisy patch consistency constraint or tissue type
distribution at the t-th step, with xw

0 = xw being zw or pw

as their starting point. N denotes the Gaussian distribution,
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Figure 3: Overview of WSI-Diffusion, which operates at both the WSI and patch levels. The WSI-level diffuser is trained
to generate the “missing” WSI feature zw0 as a patch consistency constraint and its corresponding tissue type distribution pW0 ,
conditioned on existing WSI features. The patch-level diffuser then generates patch representations eW0 for different tissue types
within the “missing” WSI, conditioned on zw0 and class embeddings sampled from pW0 . During sampling, the patch consistency
constraint and tissue type distribution are generated first, followed by class embeddings to generate the patch representations.

and β1:T ∈ (0, 1) is the noise schedule that controls the vari-
ance of the noise, which can be set differently for zw and pw.
For efficiency, xw

t can be derived from xw
0 using reparame-

terization techniques (Kingma and Welling 2013):

q (xw
t | xw

0 ) = N
(
xw
t ;

√
ᾱtx

w
0 , (1− ᾱt) I

)
, (6)

α = 1− βt, ᾱt =
t∏

i=1

αi. (7)

Reverse process: Given the generated pair of embed-
dings (patch consistency constraint zw, tissue type distribu-
tion pw) of w, and considering their strong interrelation, our
goal is to recover them within a single reverse process. We
start by sampling noise from a Gaussian distribution with di-
mension C+C ′, which is then split into zwT and pw

T . We use
a denoiser ϵθ to process both inputs simultaneously, predict-
ing the respective noise and enhancing the generation quality
of both the patch consistency constraint and the tissue type
distribution. Specifically, for a given time step t, the reverse
process of the WSI-level diffuser is formulated as follows:

Prθ
(
zwt−1 | (zwt ,pw

t )
)
= N

(
zwt−1;µ

z
θ (z

w
t ,p

w
t , c

w, t)
)
,

P rθ
(
pw
t−1 | (zwt ,pw

t )
)
= N

(
pw
t−1;µ

p
θ (z

w
t ,p

w
t , c

w, t)
)
,

(8)
where µz

θ and µp
θ denote the Gaussian mean values predicted

by θ, and cw represents the condition for w. For a patient
p with np WSIs, we employ a leave-one-out strategy, se-
lecting one WSI w as w for generation, while using the re-
maining np − 1 WSIs as the condition. In line with previ-
ous works (Ulhaq, Akhtar, and Pogrebna 2022), we average
the representations of np − 1 WSIs to obtain the condition
c ∈ R1×C′

. Finally, the training objective of the WSI-level

diffuser is:

Lw =E(ϵz,ϵp)∼N (0,1),t[∥ϵz − ϵzθ (z
w,pw, cw, t)∥22︸ ︷︷ ︸

Patch Consistency Constraint

+ ∥ϵp − ϵpθ (z
w
t ,p

w, cw, t)∥2
2︸ ︷︷ ︸

Tissue Type Distribution

],
(9)

where t ∈ [0, T ]; ϵz ∈ R1×C′
and ϵp ∈ R1×C are jointly

sampled from a Gaussian distribution of dimension C +C ′.
3.2.2 Patch-level Diffuser. The patch-level diffuser generate
patch representations that can be used to model the “miss-
ing” WSI w. Given a set of patches cropped from WSI w,
we extract their representations as described in Multi-scale
WSI Modeling, resulting in Ew ∈ Rnw×C′

. The patch-
level diffuser is also based on conditional denoising diffu-
sion probabilistic models (Ho, Jain, and Abbeel 2020), so
its forward and reverse processes follow a similar formula-
tion as the WSI-level diffuser. The key distinction lies in the
denoiser ϵθ. Unlike the WSI-level denoiser, which is con-
ditioned on the np − 1 WSIs of the patient, the patch-level
diffuser generates a set of patches for the “missing” WSI w.

To ensure consistency across patches, we impose a con-
straint on the patch consistency condition zw of w. Addi-
tionally, to preserve the tissue type distribution at the WSI
level, we apply a condition on the class embedding s for
each patch. These constraints are combined into cp using
the Hadamard product, as outlined in previous work (Chen
et al. 2024; Zhang, Zhang, and Pan 2022; Zhang et al. 2025;
Li et al. 2017; Zhao et al. 2021). To generate patches that
conform to p̂w, we denote the fraction of each tissue class
c as rc, with its corresponding class embedding represented
as sc. Given a batch of N noises sampled from a Gaussian
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distribution, we randomly select Nrc of them and use sc as
a condition to generate Nrc patches. Consequently, we sam-
ple Nrc patches for each class c. This sampling strategy en-
sures the correct distribution of tissue types. Since patches
have different class embeddings, we perform denoising on
each individual patch ew, which can be expressed as:

ewt−1 =
1

√
αt

(
ewt − 1− αt√

1− ᾱt
ϵθ (e

w
t , c

p, t)

)
+
√
1− αtϵt

(10)
where ϵt ∼ N (0, I). By iteratively sampling ewt using Eq.
(10) over T steps, we generate êw, which is then used to
reconstruct the “missing” WSI along with other patches.

WSI-Diffusion employs a hierarchical generation process.
During sampling, the WSI-level diffuser first generates the
“missing” WSI feature ẑw as patch consistency constraint
and its corresponding tissue type distribution p̂w, condi-
tioned on the np − 1 existing WSIs. These outputs are then
used as conditions for the patch-level diffuser to generate a
set of patches Êw, modeling the “missing” WSI w.

3.3 Patient-level Prediction
Utilizing WSI-Diffusion in Section 3.2, we generate a set
of patches Ew =

{
ew1 , . . . , e

w
k , . . . ., e

w
nw

}
for the “missing”

WSI w, conditioned on the np−1 representations of existing
WSIs. Existing models, such as AugDiff (Shao et al. 2023b),
typically involve directly integrating Ew with Ew, and then
aggregating them into a patient-level representation. How-
ever, in our approach, we first aggregate the patches into
several WSI representations, which are subsequently aggre-
gated into a patient-level representation. We adopt this strat-
egy for two distinct purposes: (1) Heterogeneity of WSIs:
Each WSI exhibits unique characteristics, making it crucial
to process each WSI individually to capture its distinct fea-
tures. (2) Utilization of WSI-Level Information: By in-
troducing two constraints (patch consistency constraint and
tissue type distribution), we ensure that the generated set
of patches aligns with the entire WSI. Directly aggregating
patch representations across WSIs would fail to effectively
leverage this WSI-level information, potentially compromis-
ing the quality of the final patient-level representation.

Consider a patient denoted as p, who possesses np WSIs.
Each WSI w is associated with a set of patch representations
denoted as Ew. These patch representations within Ew are
stacked to form a feature map for w, represented as Ew ∈
Rnw×C , where nw denotes the number of patches within
WSI w, and C denotes the feature-length determined by a
pre-trained feature extractor fe().

On the obtained feature map Ew of each WSI, we employ
Convolutional Multiple Instance Learning (C-MIL) (Yang
et al. 2017) to reduce the dimension, thereby generating WSI
representation Ew ∈ Rnw×L separately, where L = 64 fol-
lowing the settings in the original paper. Finally, we apply
Adaptive Average Pooling to aggregate multiple WSI-level
representations E1,...,Enp−1,Ew into a patient-level repre-
sentation Ep. This can be formulated as:

Ep = Agg
(
fC

(
E1, ...,Ek, ...,Enp−1,Ew

))
(11)

Dataset # Patient # WSI # WSI of a patient Cancer Type
Diagnostic Tissue Mode Maximum

NLST 449 1,224

3

6 ADC&SCC

LUSC 504 1,100 512 13 SCC

LUAD 514 1,067 541 14 ADC

BRCA 1,098 1,133 1,978 9 BIC

BLCA 412 457 469 2 10 BUC

Table 1: The statistics of five datasets.

where Agg denotes Adaptive Average Pooling, and fC de-
notes C-MIL. After obtaining the patient-level representa-
tion Ep, we use it to generate hazard risks that measure the
expected development of cancer. Given patient-level repre-
sentation Ep, the hazard risk Op is obtained by passing it
through a multilayer perceptron. Following previous work
(Zhu, Yao, and Huang 2016), we improve the accuracy of
survival prediction by utilizing the Cox loss function:

L (Oi) =
∑

i:R(ti)=1

−Oi + log
∑

j:tj≥ti

exp (Oj)

 (12)

where Oi denotes the hazard risk of patient pi. This Cox
loss function optimizes hazard risk predictions by assigning
higher risks to patients with shorter survival times and im-
proving the overall effectiveness of survival analysis.

4 Experiments
4.1 Experimental Settings
Datasets. Our proposal is evaluated on five large can-
cer datasets. One is the National Lung Screening Trial
(NLST) dataset (Team 2011), which includes adenocarci-
noma (ADC) and squamous cell carcinoma (SCC) cases.
The other four datasets are from The Cancer Genome Atlas
(TCGA), covering lung cancer (LUSC and LUAD), breast
cancer (BRCA), and bladder cancer (BLCA). Each dataset
contains WSIs stained with hematoxylin and eosin (H&E)
and includes clinical information, such as survival data.
Baselines. We compare our proposed method with several
advanced baselines. WSISA (Zhu et al. 2017) and DeepAt-
tnMisl (Yao et al. 2020a) utilize clustering for patch corre-
lation and CNNs for prediction. HIPT (Chen et al. 2022),
SeTransSurv (Huang et al. 2021), ESAT (Shen et al. 2022),
LongViT (Wang et al. 2023), and Prov-GigaPath (Xu et al.
2024) employ Transformers to model long-range dependen-
cies at the WSI level. AugDiff (Shao et al. 2023b) leverages
a diffusion model to generate augmentations.
Evaluation Metrics. Model performance is assessed using
the concordance index (C-index) and the STAGE-5 metric,
which converts survival prediction into a classification task.
Implementation Details. In our experiments, we utilize
5-fold cross-validation and allocated 10% of the training
data as validation to facilitate early stopping. We implement
WSI-level and patch-level diffusers based on DDPM, with
batch sizes of 64 and 128, respectively, and a total of 30
steps. The experiments are conducted using Pytorch 1.9.1
on four NVIDIA V100 GPUs.
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Architecture Model
Dataset

NLST LUSC LUAD BRCA BLCA

C-index STAGE-5 C-index STAGE-5 C-index STAGE-5 C-index STAGE-5 C-index STAGE-5

CNN WSISA 0.662.033 0.433.021 0.608.048 0.565.028 0.582.011 0.501.030 0.591.035 0.534.022 0.504.041 0.432.036
DeepAttnMISL 0.630.038 0.427.028 0.670.049 0.569.031 0.563.022 0.522.019 0.603.025 0.531.018 0.517.023 0.420.020

Transformer

HIPT 0.619.026 0.450.029 0.655.009 0.571.021 0.552.039 0.516.030 0.589.030 0.549.032 0.552.019 0.451.025
SeTranSurv 0.677.032 0.401.021 0.688.047 0.550.033 0.580.009 0.489.018 0.612.020 0.537.019 0.554.030 0.458.021
ESAT 0.730.039 0.435.034 0.681.050 0.564.033 0.593.019 0.510.014 0.625.031 0.522.015 0.568.017 0.472.032
LongViT 0.677.018 0.440.029 0.665.010 0.562.013 0.618.024 0.531.034 0.628.027 0.545.018 0.556.025 0.477.020
Prov-GigaPath 0.665.030 0.421.039 0.661.034 0.560.032 0.609.028 0.537.017 0.620.015 0.522.010 0.562.021 0.489.023

DM AugDiff 0.653.025 0.441.016 0.678.018 0.562.024 0.580.022 0.507.018 0.619.029 0.538.020 0.532.014 0.462.015
Ours 0.751.008 0.483.020 0.714.012 0.596.016 0.668.012 0.562.013 0.660.019 0.572.010 0.601.010 0.512.009

Table 2: The results achieved by all competing methods on five datasets. The boldface indicates the best result.

Generation NLST LUAD LUSC

Low Medium High Gap Low Medium High Gap Low Medium High Gap

w/o Generation 0.586.039 0.601.030 0.628.025 0.042 0.530.037 0.551.041 0.557.039 0.027 0.597.045 0.617.032 0.621.029 0.024

WSI Diffusion 0.630.018 0.639.025 0.644.025 0.014 0.572.020 0.581.019 0.588.022 0.016 0.629.038 0.641.021 0.642.020 0.013

Table 3: C-index performance across different groups of patients with and without generation.

4.2 Main Performance Comparison
Table 2 presents the 5-fold cross-validation results, specif-
ically the C-index and STAGE-5 metrics, for all compet-
ing methodologies. Our approach achieves superior per-
formance, with an average increase of 3.2% in C-index
and 2.6% in STAGE-5. The advantages include its capa-
bility to generate “missing” WSIs, which enhances patient-
level representation, and its alignment with the aggregation
of WSI representations. Transformer-based models gener-
ally outperform CNN-based methods. Our model also out-
performs WSI classification models such as LongViT and
Prov-GigaPath by 3.5% in C-index, underscoring the dif-
ference between WSI classification and survival prediction
tasks. While WSI classification involves a single WSI with a
known label, survival prediction at the patient level requires
multiple WSIs with patient-level labels but unknown WSI-
level labels. Applying WSI classification models to survival
prediction may ignore critical WSI-level information.

4.3 Performance on Mitigating Bias
We conduct an experiment to validate our approach to ad-
dressing the bias in WSI counts across patients and its im-
pact on the survival prediction task. Specifically, we divide
patients into three groups based on their number of WSIs:
low (fewer than 3 WSIs), medium (exactly 3 WSIs), and
high (more than 3 WSIs). As shown in Table 3, the perfor-
mance gap between these patient groups is reduced when
generated WSIs are utilized, compared to when no genera-
tion is applied, confirming that WSI generation effectively
mitigates this challenge. Notably, even the high group’s per-
formance improves with the use of generated WSI represen-
tations, demonstrating the quality of our generated WSIs.

4.4 Ablation Study
The effectiveness of various WSI-Diffusion components is
evaluated through ablation studies with the following set-

Settings C-index ↑ STAGE-5 ↑
NLST LUSC NLST LUSC

(1) w/o Generation 0.698.030 0.668.019 0.441.012 0.545.027

(2) w/o WSI-level 0.685.029 0.663.021 0.440.018 0.552.013
(3) w/o Distribution 0.709.022 0.690.023 0.468.019 0.568.019
(4) w/o Consistency 0.725.013 0.700.023 0.465.011 0.571.015

(5) Complete 0.751.008 0.714.012 0.483.020 0.596.016

Table 4: The results of the ablation experiments on two
datasets. The best results are highlighted in bold.

Dataset Time step T

10 20 30 40 50

NLST 0.726.012 0.737.019 0.751.008 0.750.011 0.750.009
LUSC 0.682.030 0.695.013 0.714.012 0.710.017 0.712.020
LUAD 0.632.015 0.652.019 0.668.012 0.667.019 0.665.011

Table 5: C-index score with varying time steps T .

tings: (1) w/o Generation: predictions based on available
WSIs only; (2) w/o WSI-level: generation using only the
patch-level diffuser; (3) w/o Distribution: generation with-
out tissue type distribution; (4) w/o Consistency: genera-
tion without patch consistency constraints; and (5) Com-
plete: the complete WSI-Diffusion. As shown in Table 4,
setting (2) does not outperform setting (1), indicating that
randomly generated patches without WSI-level constraints
may introduce noise rather than improve predictions. Com-
paring settings (2), (3), and (4) highlights the importance of
WSI-level constraints. Jointly generating patch consistency
constraints and tissue type distributions significantly boosts
performance compared to individual generations.
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Figure 4: C-index results achieved by the proposed model
with varying numbers of generated WSIs and different num-
bers of patches per generated WSI on the LUSC dataset.

NLST LUSC LUAD

Wholly 0.751.008 0.714.012 0.668.012

Partially 0.732.015 0.682.030 0.632.020

Unequally 0.689.042 0.657.033 0.601.030

Table 6: C-index score of different generation strategies.

4.5 Hyperparameter Sensitivity Analysis
Influence of the number of generated WSIs and patches
in each WSI: The number of generated WSIs is directly cor-
related with the number of patches within each WSI. In Fig.
4, nw denotes the number of generated WSIs. As nw in-
creases, performance gradually improves before reaching a
plateau, as depicted in Fig. 4. When the number of patches in
a generated WSI is limited, the representation may be insuf-
ficient. However, as the number of patches increases, perfor-
mance stabilizes. Since the patches are sufficiently diverse
to mimic the WSI sampling process, adding more samples
doesn’t enhance WSI-level information.
Influence of the number of time steps T : Since our WSI-
level and patch-level representations utilize a common fea-
ture extractor (i.e., HIPT (Chen et al. 2022)), the experi-
ments are conducted solely at the patch level by varying T
from 10 to 50. As shown in Table 5, the model’s perfor-
mance improves with increasing T and eventually reaches
a plateau. This plateau may occur because excessively long
time steps can introduce significant noise, thereby reducing
the quality of the generated samples (Wallace et al. 2023;
Tevet et al. 2022; Zhang et al. 2023).

4.6 Analysis of Different Generation Strategies
To address the issue of varying numbers of WSIs across pa-
tients, we explore different strategies for determining how
many WSIs to generate for each patient. We design three
strategies: (1) Wholly: generate the same number of WSIs
for all patients as in the current approach; (2) Partially: gen-
erate WSIs only for patients with fewer than three WSIs;
and (3) Unequally: ensure that the total number of generated
WSIs combined with the original WSIs is equal across pa-
tients. Table 6 shows that the partially generated WSIs are
less effective than the wholly generated WSIs. This may be

Figure 5: An illustration of the generated patch embeddings.

because even patients with more WSIs benefit from addi-
tional generated WSIs, as capturing a comprehensive prog-
nosis with a limited number of WSIs is challenging. Fur-
thermore, generating WSIs unequally further reduces per-
formance, likely due to excessive generation diluting the real
WSIs in patients with fewer WSIs, thus introducing noise.

4.7 Case Study

To assess the quality of our generated representations, a
case study is conducted on a patient with five WSIs using
t-SNE (Van der Maaten and Hinton 2008) for visualization.
Our method is trained to predict a set of generated patch rep-
resentations for WSI-5 using the remaining four WSIs. Each
dot represents a patch, with different colors denoting differ-
ent WSIs. As shown in Fig. 5, the generated WSI closely
aligns with the original one, demonstrating the effectiveness
of our method in maintaining consistency across patches.
The substantial overlap may be attributed to the careful con-
sideration of tissue distribution in the generated patches.

5 Conclusions and Limitations

In this paper, we address the issue of varying numbers of
WSIs in survival prediction scenarios, which can introduce
substantial bias and reduce predictive performance. To mit-
igate this problem, we propose WSI-Diffusion, a method
designed to generate “missing” WSIs for improved sur-
vival prediction. This method employs a hierarchical ap-
proach with two types of diffusers: WSI-level diffusers es-
tablish constraints at the WSI level, while patch-level dif-
fusers generate patches to model the “missing” WSI based
on these constraints. Both diffusers are easily trainable si-
multaneously and enhance survival prediction accuracy. Our
approach demonstrates superior performance in predicting
survival outcomes across five large cancer datasets. In fu-
ture work, we will refine tissue type distribution by expand-
ing patch classification. We plan to use clustering to create
pseudo-labels to address the absence of subtype labels, al-
though this may impact explainability.
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