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Abstract

Accurate cancer survival prediction remains a critical challenge in clinical oncology, largely due to the complex and multi-omics
nature of cancer data. Existing methods often struggle to capture the comprehensive range of informative features required for precise
predictions. Here, we introduce PCLSurv, an innovative deep learning framework designed for cancer survival prediction using multi-
omics data. PCLSurv integrates autoencoders to extract omics-specific features and employs sample-level contrastive learning to
identify distinct yet complementary characteristics across data views. Then, features are fused via a bilinear fusion module to construct
a unified representation. To further enhance the model’s capacity to capture high-level semantic relationships, PCLSurv aligns similar
samples with shared prototypes while separating unrelated ones via prototypical contrastive learning. As a result, PCLSurv effectively
distinguishes patient groups with varying survival outcomes at different semantic similarity levels, providing a robust framework for
stratifying patients based on clinical and molecular features. We conduct extensive experiments on 11 cancer datasets. The comparison
results confirm the superior performance of PCLSurv over existing alternatives. The source code of PCLSurv is freely available at https://
github.com/LiangSDNULab/PCLSurv.
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Introduction
Cancer remains one of the leading causes of mortality worldwide,
posing a significant burden on public health [1]. Accurate pre-
diction of patient survival is critical for guiding clinical decision-
making, optimizing treatment strategies, and improving patient
outcomes. For instance, survival predictions can aid in identifying
high-risk patients who may require more aggressive interventions,
thereby contributing to more efficient resource allocation and per-
sonalized care. Despite progress in medical research and cancer
therapies, precise survival prediction remains a major challenge.

With the rapid development of high-sequencing techniques,
various single omics data, including gene expression [2], microR-
NAs [3], copy number alterations [4, 5], DNA methylation [6],
proteomics [7], etc., have been widely investigated in survival
prediction. These datasets offer rich biological information that
can be leveraged to improve survival predictions and enhance
understanding of cancer biology. Gene expression data have been
demonstrated to have significant potential in prognostic classi-
fication [8]. DNA methylation patterns, which represent key epi-
genetic changes in gastric cancer initiation and progression, have
spurred the development signature to improve survival prediction

[9]. However, single-omics data are inherently limited in their
ability to capture the complex interplay between different molec-
ular layers. This complexity cannot be fully understood using
single-omics data alone, necessitating the integration of multi-
omics data. To address these limitations, multi-omics integration
combines information from diverse molecular sources, providing
a more comprehensive view of cancer biology and enhancing
the accuracy and robustness of survival prediction models [10].
Current computational approaches for addressing these chal-
lenges can be broadly divided into three categories: statistical
models, traditional machine learning models, and deep learning
models [11].

Statistical models, such as Cox proportional hazards regression
[12], are still widely used in survival analysis due to their interpret-
ability and suitability for small- to medium-sized datasets. With
the advent of high-dimensional multi-omics data, extensions like
penalized Cox models (e.g. Lasso-Cox [13] and Elastic Net Cox
[14]) have been employed to address feature selection and reduce
over-fitting. These methods retain the simplicity of the Cox model
while improving performance by applying regularization tech-
niques in more complex data settings. Bayesian linear models are
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also gaining attention, particularly for spatial cancer data. Recent
methods incorporating priors such as horseshoe and point mass
mixture priors have improved variable selection and predictive
performance [15]. The use of graph-structured priors has allowed
models to identify key pathways and genes across heterogeneous
cohorts [16]. TBLMM uses Bayesian model and capture both linear
and nonlinear interactions in multi-omics data [17]. However,
traditional models often rely on assumptions of proportional
hazards and linear relationships, limiting their ability to fully
capture the complex, nonlinear interactions inherent in cancer
data, particularly across diverse omics.

Representative machine learning methods for survival pre-
diction include three-stage ensemble learning, XGBLC, and Ada-
RSIS. The genetic algorithm-aided three-stage ensemble method
enhances risk prediction by utilizing gene-pairing and genetic
algorithms to optimize learner combinations [18]. The XGBLC
model combines XGBoost with Lasso-Cox, improving the analysis
of high-dimensional data by specialized gradient statistics and
loss functions [19]. Ada-RSIS enhances multi-omics data inte-
gration by learning shared and individual subspaces, ensuring
complementarity and risk-aware representations through adap-
tive weighting [20]. Traditional machine learning methods in sur-
vival analysis struggle with high-dimensional, noisy data and
often require feature selection, leading to potential loss of impor-
tant information. Additionally, they face challenges in integrating
multimodal data and modeling complex, nonlinear relationships,
which limits their performance and generalizability.

Deep learning models have gained popularity due to their
ability to model nonlinear relationships and integrate complex
multimodal datasets [21]. ML-ordCOX combines the Cox model
with adaptive multitask learning to improve survival prediction
using multi-omics data [22]. PathCNN constructs an interpretable
convolutional neural network applied to integrated multi-
omics data, demonstrating potential in predicting survival in
glioblastoma [23]. HFBSurv introduces a hierarchical multimodal
fusion framework that employs factorized bilinear models to
integrate genomic and imaging features [24]. DFSC, combining
deep forests with self-supervised learning, improves survival
predictions for adaptive learning from high-dimensional genomic
data [25]. Meta-learning with DeepLIFT for model interpretability,
using Cox risk loss, enhances survival prediction and enables
the exploration of various enrichment pathways [26]. FGCNSurv
combines factorized bilinear models with graph convolutional
networks, utilizing multi-graph fusion and advanced feature
extraction to improve prediction accuracy [27]. CAMR introduces
a cross-aligned multi-omics representation learning network that
generates modality-invariant representations to enhance cancer
survival predictions [28]. CSAM-GAN, integrating generative
adversarial networks and attention modules, facilitates multi-
omics feature selection and survival prediction by refining input
features through sequential channel-spatial attention and an
auto-encoder architecture [29]. Prior knowledge-guided multi-
level graph neural networks integrate multi-omics data and
pathway information to enhance tumor risk prediction accuracy
[30]. Autosurv develops a deep learning framework for prognosis
prediction by integrating multi-omics data while identifying key
features that differentiate high- and low-risk patients leveraging a
specially designed VAE [31]. The CLCox model classifies samples
into different groups, where samples with the same label are
considered positive sample pairs, and those with different
labels are considered negative sample pairs thereby enhancing
cancer prognosis prediction [32]. MMOSurv leverages meta-
learning to perform effective multi-omics survival prediction for

specific cancer types. By utilizing meta-knowledge from related
cancers, it adapts a deep Cox model with minimal training
samples. MMOSurv effectively harnesses meta-information
derived from the similarities and relationships between different
omics data across related cancer datasets, thereby enhancing
survival prediction for the target cancer with a limited number
of multi-omics training samples [33]. The Prototypical Infor-
mation Bottleneck and Disentangling framework is designed
to address both intra-modal and inter-modal redundancies.
It reduces intra-modal redundancy by introducing the Proto-
typical Information Bottleneck module, while the Prototypical
Information Disentangling module disentangles redundant infor-
mation across modalities, thereby enhancing survival prediction
accuracy [34].

Although existing methods have made great achievements for
cancer survival prediction, they often struggle to effectively inte-
grate data from different omics, thereby neglecting the comple-
mentarity of multidimensional information. Additionally, existing
methods often fail to fully leverage the semantic structural rela-
tionships between different omics data, missing the opportunity
to mine the underlying similarities and correlations within the
data. In this study, we propose PCLSurv, a novel deep learning
framework for accurate cancer survival prediction using multi-
omics data. Our model first uses autoencoders to extract view-
specific features for each omics, and then applies sample-level
contrastive learning to capture distinct yet consistent character-
istics across views for each sample. These representations are
fused via a bilinear fusion module (BFM) to obtain the cross-
viewed information. Specifically, to capture high-level semantic
similarities, our model leverages prototypical contrastive learn-
ing (PCL) to bring similar samples closer by aligning them with
shared prototypes, while encouraging separation from unrelated
prototypes, thereby enhancing the model’s ability to distinguish
between patient groups with different survival profiles. Extensive
experiments across 11 cancer datasets confirm the superior per-
formance of our model.

Materials and methods
Given the cancer multi-omics data, represented by {X1, X2, . . . , XV},
where Xv ∈ RN×dv

, v ∈ [1, V] corresponds to the vth omics data
matrix for N patients, and dv is the feature dimension. For each
patient i, we have an observed time-to-event Oi and a survival
status indicator δi where δi = 1 if the event is observed (uncen-
sored) and δi = 0 if the event is censored. In this work, we
propose a prototypical contrastive learning-based framework to
predict cancer patient risk scores by leveraging multi-omics data.
Our method can effectively fuse the omics-specific representa-
tions and obtain semantically discriminative representations for
survival prediction. The framework of our proposed PCLSurv is
presented in Fig. 1 and we will introduce each module of our
model below.

Reconstruction module
We first extract latent features for each omics data by using
autoencoders, which effectively preserves essential omics-
specific details for downstream tasks. Specifically, for the vth
omics (v ∈ [1, V]), we adopt an encoder Ev to map the reduced data
into the embedding space and obtain its low-dimensional latent
representations ZvinRN×d. The latent representations are then
restored to their original dimensions via a corresponding decoder
Dv. The encoder and decoder process can be simply demonstrated
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Figure 1. Overview of the PCLSurv framework for cancer survival prediction using multi-omics data. Autoencoders extract view-specific features for
each omics type. Sample-level contrastive learning captures both distinct and consistent characteristics across views, while PCL aligns similar samples
with shared prototypes and separates unrelated ones. BFM module integrates multi-omics features into a unified representation.

as follows:

Zv = Ev(Xv) (1)

X̃v = Dv(Zv) (2)

We use mean squared errors as the loss function to maintain
the fidelity of the latent representations:

Lre =
V∑

v=1

∥∥∥X̃v − Xv
∥∥∥2

2
(3)

Sample-level contrastive learning module
While the reconstruction module effectively reduces feature
dimensions, it only retains essential information for each omics
data reconstruction and fails to capture distinct yet consistent
characteristics across multi-omics. In response to this limitation,
we introduce the sample-level contrastive learning module, which
is designed to align samples from different omics that exhibit
shared characteristics, while differentiating them from unrelated
samples. As a matter of fact, the primary objective of this module
is to optimize the feature space by pulling positive sample pairs
closer together while pushing negative sample pairs apart.

Specifically, for a given sample xi, we consider {(zv
i , zw

i ) | v �= w}
as positive sample pairs whereas samples from different views,
i.e. {(zv

i , zw
j ) | i �= j} as negative pairs. We adopt the commonly used

cosine similarity measure to calculate the similarity between
pairs of sample representations:

sim(zv
i , zw

j ) =
(zv

i )(z
w
j )T

‖zv
i ‖‖zw

j ‖ (4)

where v, w ∈ [1, V] and i, j ∈ [1, N]. To maximize the similarity of
positive pairs and simultaneously minimize that of negative pairs,
we formulate the sample-level contrastive loss for all samples as
follows:

Lcon = − 1
N

N∑
i=1

log

∑
v,w∈[1,V],v�=w exp(sim(zv

i , zw
i )/τ )∑N

j=1

∑
v,w∈[1,V] exp(sim(zv

i , zw
j )/τ )

(5)

where τ is the temperature parameter. By leveraging this
contrastive loss, our approach encourages the model to learn

representations that bring similar samples closer together in the
feature space while pushing dissimilar samples further apart,
enhancing the model’s ability to distinguish between relevant
biological patterns across different omics.

Bilinear fusion module
While the sample-level contrastive learning module effectively
aligns samples from distinct omics types based on pairwise sim-
ilarities, it is limited in its capacity to model higher-order inter-
actions among omics [35]. We overcome this limitation by using
a BFM, which allows for fine-grained cross-omics feature inter-
actions and further fuses the omics-specific features to obtain a
unified representation capturing complex interdependencies.

Given two omics representations zv
i and zw

i of a sample i, its
cross-omics representation hvw

i is defined as

hvw
i = zv

i
TWiz

w
i

=
G∑

g=1

ZvTav
gbv

g
TZw

= eT(Av
i

TZv � Bv
i

TZw)

(6)

Av
i = [av

1, . . . , av
G] ∈ Rd×G, Bv

i = [bv
1, . . . , bv

G] ∈ Rd×G (7)

where G is the latent dimensionality of the factorized matrices
Av

i and Bv
i ,� denotes the Hadamard product, and e ∈ RG is a

vector with all ones. To obtain the output feature Hvw, we need
to learn the weight matrices [36] Av = [Av

1, . . . , Av
d′ ] ∈ Rd×G×d′

and
Bv = [Bv

1, . . . , Bv
d′ ] ∈ Rd×G×d′

, both of which are three-order tensors.
Additionally, Equation(6) can be rewritten as follows:

Hvw = SumPooling(ÃvZv � B̃vT
Zw, G) (8)

where Sumpooling() function performs and pools on Z by using
1D non-overlapping windows of size G, Ãv ∈ Rd×Gd′

and B̃v ∈ Rd×Gd′

are 2D matrices reshaped from Av and Bv, respectively. Based on
Equation (8), we compute the fused feature for all omics pairs and
then average these representations to obtain a unified represen-
tation H. H is further combined with the averaged omics-specific
representations from all views, yielding the final representation
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Z, as formalized in the following equation:

Z = H ⊕ 1
V

(
V∑

v=1

Zv

)
(9)

where ⊕ denotes the concatenation operation. As a result, bilinear
fusion enhances the model’s ability to learn interactions between
different omics datasets, enriching the latent space with valuable
higher-order information beyond what concatenation or linear
methods can achieve.

Prototypical contrastive learning module
To enhance feature clustering and improve class separability,
we integrate PCL into our model, enabling it to capture higher-
level abstractions by associating each sample with a representa-
tive prototype. Specifically, a prototype is defined as the central
representation of a sample group in the feature space, typically
calculated as the mean of the samples within a given group.
Compared with sample-level contrastive learning, PCL focuses
on capturing high-level semantic similarities for patient groups
by leveraging prototypes. Specifically, to derive semantically rep-
resentative prototypes, we apply the k-means algorithm to the
representation Z learned from the BFM. This methodology results
in the formation of a prototype set c, wherein each prototype cl ∈ c
corresponds to the centroid for the lth cluster, representing the
semantic center of that cluster.

For each sample zi, we treat the prototype of the cluster it
belongs to as a positive counterpart, while the remaining K-1
prototypes are treated as negative counterparts. Consequently,
this approach effectively prevents semantically similar samples
within the same cluster from being pushed apart. To further
enhance the robustness of our model and capture multi-
level semantic similarities, we perform clustering on the
representations M times, each using different cluster numbers
K = {km}M

m=1. Taken together, the prototypical contrastive loss is
defined as

Lpc = 1
M

N∑
i=1

M∑
m=1

−log

(
exp(sim(zi · cm

o )/σ )∑km
l=1 exp(sim(zi · cm

l )/σ )

)
(10)

where cm
o is the prototype of the cluster to which zi belongs

and cm
l is the prototype of the lth cluster in the mth clustering.

σ is a hyperparameter controlling the concentration level. Since
prototypes act as reference points that embody the common
features or characteristics of each group, the introduction of PCL
helps the model generalize better by focusing on overarching
patterns rather than individual sample noise.

Overall loss function
The Cox proportional hazards model is widely used in survival
analysis to examine the relationship between the survival times of
subjects and predictor variables. We enhance survival prediction
by using the fused omics representation Z as input to the hazards
model. The survival risk score for the ith patient and the Cox par-
tial likelihood loss for survival prediction are defined as follows,
respectively:

si = βTzi (11)

Lcox = −
N∑

i=1

δi

[
βTzi − log

(∑
j:Oj>Oi

exp(βTzj)

)]
(12)

Algorithm 1 The pseudocode of PCLSurv

Input: Multi-omics datasets {Xv}V
v=1, O, δ: Xv is the v-th omics data,

O is observed time, δ is censoring indicator; Maximum iteration
T; number of clusters K = {km}M

m=1

Output: survival outcome: risk score s
1: Initialize model parameters
2: for epoch = 1 to T do
3: Compute latent representations Zv for each omics dataset

by Eq.(1)
4: Compute reconstruction representations X̃v by Eq.(2)
5: Compute reconstruction loss by Eq.(3)
6: Construct positive and negative pairs for sample-level con-

trastive learning
7: Compute contrastive loss by by Eq.(5)
8: Fuse multi-omics features using Eq.(8) and Eq.(9), obtaining

the fused representation Z
9: for m = 1 to M do

10: cluster Z into km clusters, and obtain prototypes
11: end for
12: Compute prototypical contrastive loss by by Eq.(10)
13: Compute risk score si by Eq.(11)
14: Compute Cox loss by by Eq.(12)
15: Compute the overall loss by Eq.(13)
16: Perform backpropagation and update parameters
17: end for

where δ denotes the event status indicator, O denotes observed
time-to-event and i, j ∈ [1, N].

By consolidating the reconstruction loss, sample-level con-
trastive loss, prototypical contrastive loss, and the Cox partial log-
likelihood loss into a unified framework, our model learns robust,
multi-omics representations that enhance survival prediction by
capturing both individual and group-level characteristics relevant
to patient outcomes, allowing these structures to mutually rein-
force one another. The overall loss function is demonstrated in
Equation (13) and we summarize the workflow of our model in
Algorithm 1.

L = Lre + Lcon + Lpc + Lcox (13)

Results
In our study, extensive experiments validate the effectiveness of
PCLSurv for cancer survival prediction.

Data and preprocessing
We use 11 multi-omics cancer datasets to comprehensively
evaluate the performance of PCLSurv, including acute myeloid
leukemia (AML), breast invasive carcinoma (Breast), colon adeno-
carcinoma (Colon), glioblastoma multiforme (GBM), kidney renal
clear cell carcinoma (Kidney), liver hepatocellular carcinoma
(Liver), lung squamous cell carcinoma (Lung), skin cutaneous
melanoma (Melanoma), ovarian serous cystadenocarcinoma
(Ovarian), sarcoma (Sarcoma), and an Integrated dataset. The
first 10 datasets are widely used for assessing cancer prognosis
analysis and can be downloaded from The Cancer Genome Atlas
[37]. The integrated dataset is constructed by combining multi-
omics data from 8 of the 10 aforementioned cancer types [38]. For
each dataset, we use two types of omics data: gene expression
and miRNA expression. Specifically, for all datasets, miRNAs with
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Table 1. Overview of the datasets utilized in the experiments

Datasets Number of
samples

Number of
genes

Number of
miRNAs

AML 160 2000 558
Breast 619 2000 891
Colon 219 2000 613
GBM 273 2000 534
Kidney 182 2000 796
Liver 365 2000 852
Lung 329 2000 878
Melanoma 428 2000 901
Ovarian 285 2000 616
Sarcoma 255 2000 838
Integrated 2557 2000 643

zero variance are filtered out, and the top 2000 genes with the
highest variance are selected for downstream tasks. Each type
of omics data is further normalized to have zero mean and unit
variance. Detailed information regarding the 11 datasets is listed
in Table 1.

Evaluation metrics
In our study, we use two primary metrics to evaluate model perfor-
mance [39]: the concordance index (C-Index) and the area under
the curve (AUC). The C-Index measures the predictive accuracy
of survival models by assessing the concordance between the
predicted and actual rankings of survival times. The C-Index can
be mathematically expressed as

C-index = P
{
βTzi > βTzj|Oj > Oi, δi = 1

}
(14)

On the other hand, the AUC value is used to evaluate the
model’s ability to distinguish between classes in binary classifi-
cation tasks by calculating the area under the receiver curve. The
AUC can be formulated as

AUC = 1
N

∑
t∈Y

∑
i:Oi<t

∑
j:Oj>t

I
(
βTzi > βTzj

)
(15)

where Y represents the set of all event times in the dataset,
t denotes the cumulative count of comparable pairs for each event
time, and I() is the indicator function. Both the C-index and AUC
values are bounded between 0 and 1. A value of 0.5 indicates
random guessing, while a value of 1 represents perfect agreement
between predicted and actual rankings for the C-index and perfect
classification performance for AUC.

Implementation details
Each omics, the encoder network is set as a fully connected mul-
tilayer perceptron with layers structured as dv-200-50-50 for all
datasets, where dv is the dimension of the input data. The decoder
network mirrors the encoder structure with dimensions 50-50-
200-dv accordingly. All hidden layers utilize the ReLU activation
function [40]. The number of prototypes k is iteratively selected
from the range {2, ..., 10}. The two temperature parameters τ and
σ in the sample-level contrastive learning and PCL are set to
0.2 and 1, respectively. A detailed sensitivity analysis of these
hyperparameters is provided in the Supplementary Figs S2–S5.
The batch size is set as 64. The model is trained using the Adam
optimizer, with the weight decay of 5 × 10−4 and the learning rate

of 2 × 10−3. All experiments are implemented using Python 3.8.18
and PyTorch 1.7.1. The models are trained and evaluated on a
workstation featuring an NVIDIA GeForce RTX 2080 Ti GPU.

Evaluation of survival prediction performance
In this subsection, we assess PCLSurv’s survival prediction perfor-
mance by benchmarking it against several state-of-the-art meth-
ods, including both single-omics and multi-omics approaches.
The single-omics methods comprise RSF [41], En-cox [14], DeepHit
[42], and DeepSurv [43], while the multi-omics methods include
HFBSurv [24], CAMR [28], CustOmics [44], and FGCNSurv [27].
RSF uses random forests to analyze survival data. En-cox uti-
lizes a cocktail algorithm combining coordinate descent. Both
DeepHit and DeepSurv use neural networks to model survival
data, allowing them to capture complex relationships between
covariates. HFBSurv adopts a hierarchical multi-layer fusion strat-
egy for multi-omics data integration. CAMR integrates the idea
of a generative adversarial network. CustOmics employs varia-
tional autoencoders to learn latent representations. FGCNSurv
uses graph convolutional neural networks to analyze sample
relationships in survival prediction. For fair comparison, all of
the above cancer survival prediction models are evaluated using
exactly the same multi-views data throughout the experiment.
Besides, we perform five-fold cross-validation to mitigate the
impact of experimental randomness. We apply all methods on
the 11 cancer datasets and the C-Index values obtained by each
method are summarized in Table 2. For methods with single-
omics data as input, we present two C-Index values by using
gene expression and miRNA data, respectively. As demonstrated,
PCLSurv consistently outperforms existing state-of-the-art meth-
ods across the datasets. It achieves the highest C-index values
for 11 cancer datasets, suggesting that PCLSurv is particularly
robust in capturing survival information from multi-omics data.
Multi-omics models like PCLSurv, CAMR, and FGCNSurv generally
outperform single-omics methods such as En-cox, DeepHit, and
DeepSurv, especially in cancers like Colon, Lung, and Sarcoma.
This indicates the superior performance of integrating multi-
omics data types for cancer survival prediction. These findings
highlight the superior predictive capability of PCLSurv in esti-
mating survival outcomes across diverse cancer types, leveraging
multi-omics data. Similarly, PCLSurv achieves higher AUC values
(Table 3) than other models, further confirming its effectiveness
in survival outcome. From the comparisons in both C-index and
AUC values, PCLSurv demonstrates superior performance over
traditional and some other advanced methods, particularly in
datasets where multi-omics data integration plays a crucial role.
The results suggest that multi-omics models are essential for
improving survival predictions across various cancers, highlight-
ing the importance of leveraging complementary information
from different biological layers to enhance model accuracy.

To further assess the performance of PCLSurv, we evaluate
whether there is a statistically significant difference in the sur-
vival time between the predicted high-risk and low-risk patient
groups. Patients are stratified into these groups based on the
median predicted risk scores, and the log-rank test is applied
to determine if there is a significant difference in the survival
times between the two groups. A more pronounced difference
between the high-risk and low-risk groups indicates better model
performance. Figure 2 presents the Kaplan–Meier survival curves
for the predicted two groups from PCLSurv and the comparison
methods, based on the Integrated dataset, along with the cor-
responding log-rank P-values. Among the single-omics methods,

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf124#supplementary-data
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Table 2. Comparison of survival prediction models across different cancers in terms of C-index

Dataset PCLSurv HFBSurv CAMR CustOmics FGCNSurv RSF En-cox DeepHit DeepSurv

AML 0.751±0.04 0.650±0.07 0.654±0.05 0.609±0.09 0.681±0.04 0.635,0.663 0.653,0.560 0.613,0.580 0.638,0.593
Breast 0.777±0.06 0.677±0.03 0.667±0.10 0.685±0.07 0.756±0.06 0.712,0.561 0.745,0.670 0.590,0.569 0.640,0.497
Colon 0.780±0.04 0.773±0.07 0.687±0.17 0.597±0.11 0.710±0.10 0.517,0.516 0.433,0.548 0.552,0.528 0.504,0.504
GBM 0.654±0.01 0.563±0.06 0.659±0.06 0.569±0.05 0.610±0.03 0.520,0.534 0.537,0.534 0.533,0.536 0.553,0.562
Kidney 0.800±0.08 0.574±0.03 0.702±0.10 0.658±0.15 0.770±0.06 0.726,0.700 0.709,0.631 0.615,0.560 0.687,0.630
Liver 0.670±0.04 0.524±0.06 0.625±0.09 0.647±0.06 0.652±0.06 0.626,0.625 0.570,0.558 0.561,0.482 0.597,0.545
Lung 0.683±0.04 0.584±0.08 0.651±0.08 0.605±0.09 0.605±0.06 0.607,0.575 0.512,0.575 0.597,0.546 0.555,0.531
Melanoma 0.651±0.03 0.622±0.03 0.604±0.03 0.517±0.04 0.640±0.05 0.591,0.552 0.590,0.567 0.548,0.528 0.602,0.568
Ovarian 0.680±0.03 0.594±0.02 0.645±0.02 0.576±0.05 0.609±0.05 0.564,0.556 0.536,0.454 0.570,0.596 0.617,0.497
Sarcoma 0.755±0.04 0.626±0.05 0.657±0.03 0.550±0.09 0.703±0.05 0.689,0.670 0.596,0.606 0.610,0.506 0.647,0.667
Integrated 0.715±0.01 0.663±0.01 0.686±0.05 0.575±0.06 0.715±0.01 0.713,0.701 0.600,0.561 0.503,0.551 0.711,0.688

Table 3. Comparison of survival prediction models across different cancers in terms of AUC

Dataset PCLSurv HFBSurv CAMR CustOmics FGCNSurv RSF En-cox DeepHit DeepSurv

AML 0.841±0.07 0.656±0.03 0.659±0.04 0.611±0.14 0.738±0.08 0.640,0.684 0.662,0.616 0.638,0.626 0.678,0.619
Breast 0.815±0.05 0.690±0.09 0.717±0.02 0.776±0.09 0.754±0.11 0.627,0.562 0.685,0.639 0.562,0.569 0.663,0.536
Colon 0.753±0.14 0.743±0.06 0.696±0.25 0.667±0.12 0.712±0.13 0.477,0.463 0.631,0.689 0.572,0.558 0.546,0.598
GBM 0.707±0.02 0.592±0.02 0.650±0.06 0.605±0.07 0.665±0.05 0.443,0.506 0.582,0.608 0.590,0.533 0.550,0.569
Kidney 0.833±0.08 0.581±0.09 0.756±0.10 0.675±0.20 0.832±0.07 0.738,0.724 0.720,0.677 0.616,0.598 0.626,0.639
Liver 0.689±0.05 0.580±0.01 0.661±0.14 0.653±0.07 0.668±0.06 0.563,0.585 0.557,0.571 0.531,0.579 0.513,0.516
Lung 0.726±0.06 0.702±0.08 0.676±0.13 0.660±0.12 0.630±0.09 0.563,0.581 0.538,0.553 0.525,0.596 0.547,0.532
Melanoma 0.697±0.04 0.660±0.02 0.612±0.03 0.585±0.04 0.683±0.06 0.465,0.519 0.538,0.540 0.508,0.572 0.643,0.620
Ovarian 0.729±0.05 0.598±0.04 0.671±0.06 0.637±0.05 0.597±0.07 0.548,0.557 0.597,0.604 0.523,0.566 0.607,0.531
Sarcoma 0.813±0.01 0.593±0.04 0.643±0.04 0.582±0.14 0.754±0.07 0.658,0.606 0.593,0.544 0.647,0.569 0.604,0.608
Integrated 0.761±0.01 0.698±0.02 0.680±0.10 0.592±0.09 0.760±0.02 0.656,0.665 0.585,0.568 0.542,0.528 0.637,0.683

DeepSurv, a deep learning-based approach, outperforms tradi-
tional methods like En-cox and RSF, showing more significant
log-rank P-values for both gene expression and miRNA data.
Moreover, multi-omics approaches, including FGCNSurv and our
proposed PCLSurv, achieve even more significant results than
the single-omics methods. Notably, PCLSurv method achieves the
most significant log-rank P-value of 3.09e-19, surpassing all other
multi-omics methods, highlighting its superior ability to distin-
guish between high-risk and low-risk groups and its effectiveness
in survival prediction. Supplementary Fig. S1 displays Kaplan–
Meier survival curves by PCLSurv across all datasets. The clear
separation between the curves, combined with significant log-
rank P-values, confirms that PCLSurv effectively differentiates
between high-risk and low-risk groups, demonstrating robust per-
formance in survival prediction across various datasets.

Evaluation of clinical associations with survival
prediction
To assess the correlation between PCLSurv’s survival prediction
and clinical factors, we perform both univariate and multivariate
Cox proportional hazards analyses [45] on Breast dataset. Specif-
ically, according to the prediction scores obtained by PCLSurv,
patients are classified into high-risk and low-risk categories. We
then conduct analyses focusing on the following key clinical
factors: age at diagnosis, histologic grade, tumor size (T stage),
lymph node involvement (N stage), metastasis (M stage), and
the predicted risk groups. Table 4 shows that in both analyses,
the predicted risk from our model is the most significant factor
impacting survival among the six factors considered.

In the univariate analysis, the risk group predicted by PCLSurv
serves as a highly effective survival indicator, with a P-value

low than 0.005. For the multivariate analysis, we further explore
the association between clinical factors and survival outcomes,
assessing the contribution of each predictor to mortality risk.
Notably, in this multivariate context, the risk group variable
remains the statistically significant factor, with the high-risk
group showing a slightly elevated mortality risk compared to the
low-risk group (HR = 3.21). These results suggest that the PCLSurv-
predicted risk effectively captures critical prognostic information,
integrating the effects of the various clinical characteristics.
Therefore, the model’s predicted survival risk stands out as a
key prognostic factor in survival prediction.

To evaluate the survival outcomes associated with radiother-
apy across different risk categories, we further divide patients
within each risk group into two subgroups according to the radio-
therapy treatment information on Breast dataset. For the high-
risk group, the numbers of patients with and without radiotherapy
treatment are 139 and 170, respectively, while for the low-risk
group, the corresponding numbers are 153 and 157. Kaplan-Meier
survival curves are constructed to compare the survival times of
treated and untreated patients in each subgroup. As shown in
Fig. 3, patients in both high-risk and low-risk groups who received
treatment demonstrate longer survival times compared to those
who did not, highlighting the potential benefits of radiotherapy
across risk categories. In addition, radiotherapy has a more signif-
icant impact on the survival time of patients in high-risk groups
compared to those in low-risk groups.

Ablation study
To evaluate the contribution of each component in PCLSurv, we
perform a comprehensive ablation study, systematically modify-
ing or removing key modules to observe their effects on survival

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf124#supplementary-data
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Figure 2. Performance of the comparison methods using Kaplan–Meier curve for the Integrated datasets.

Table 4. Univariate and multivariate Cox proportional hazards analysis

Variable Univariate Multivariate

Hazard ratio 95% CI P value Hazard ratio 95% CI P value

Age (≤50/ >50) 1.26 0.66−2.40 0.48 1.83 0.93−3.60 0.08
Grade (≤II/ >II) 2.06 0.81−5.22 0.13 1.69 0.63−4.56 0.30
T stage (≤T2/ >T2) 1.15 0.65−2.06 0.63 1.34 0.72−2.50 0.36
N stage (≤N1/ >N1) 2.56 1.32−4.94 0.01 2.80 1.39−5.66 <0.005
M stage (M0/MX) 0.62 0.22−1.75 0.36 0.43 0.15−1.25 0.12
Risk group (PCLSurv) 3.21 1.71−6.04 <0.005 3.83 1.97−7.46 <0.005

Figure 3. Kaplan-Meier survival curves for breast cancer patients stratified by radiotherapy.
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Figure 4. Ablation study. (a) Ablation study with C-index. The figure presents the impact of removing key modules from the model on C-index
performance across datasets. (b) Ablation study with AUC. The figure illustrates how the exclusion of specific model modules affects AUC values
across datasets.

Figure 5. Impact of different cluster numbers. The figure depicts the performance of the model, on 11 cancer datasets as the number of clusters varies
from 2 to 10. (a) Impact of different cluster numbers on C-index values. (b) Impact of different cluster numbers on AUC values.

prediction performance. Our model includes four components:
reconstruction module, sample-level contrastive learning mod-
ule, BFM, and PCL module. For each variant, we track its perfor-
mance using both the C-index and AUC (Fig. 4).

The first experiment removes the reconstruction module,
resulting in a substantial decline in predictive performance.
Specifically, for the Breast dataset, the C-index drops from
0.7773 to 0.7305, while the AUC value decreases from 0.8149
to 0.7674. Similar trends are observed across other datasets.
These findings suggest that the reconstruction module plays
a role in maintaining data integrity while projecting high-
dimensional data into a more discriminative space. In the
second experiment, we remove the sample-level contrastive
learning module to evaluate its impact on model performance.
This modification results in a moderate reduction in both
C-index and AUC values on all datasets. Notably, in certain
datasets, such as Colon and GBM, the exclusion of the sample-
level contrastive learning module causes a more substantial
deterioration in performance. Then, we evaluate the impact
of excluding the prototype contrastive learning module. The
removal of this component degrades performance metrics across
all datasets. Both the C-index and AUC exhibit significant
declines. Lastly, we replace the BFM with a simple summation
operation. As expected, this adjustment also leads to a decline in

performance, highlighting the effectiveness of the BFM in cap-
turing complex interactions across omics data. Supplementary
Tables S1 and S2 provide a detailed summary of the ablation
experiments across 11 datasets, offering a clear comparison of
performance metrics for each scenario. The consistent decline
in both C-index and AUC following the removal of each module
underscores the essential contributions of these components to
the model’s predictive accuracy. In conclusion, the ablation study
reveals that all four modules are indispensable for robust survival
prediction.

Parameter analysis
In our PCL module, the number of clusters k is set to obtain
prototypes at different levels for capturing semantic similarities.
We analyze the impact of k on the model performance. We report
the C-index and AUC values for cluster numbers, ranging from 2
to 10 in Fig. 5. Supplementary Tables S3 and S4 provide detailed
results of the analysis experiments across 11 datasets. The results
reveal minimal performance fluctuations across this range, indi-
cating robust model performance under various clustering config-
urations. Notably, values within this range yield favorable results
with only slight variations depending on the dataset. This stability
demonstrates that our method, leveraging PCL, effectively adapts

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf124#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf124#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf124#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf124#supplementary-data
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to diverse clustering scenarios, enhancing its utility for cancer
survival prediction.

Conclusion
In this study, we introduce PCLSurv, a novel method for cancer
survival prediction based on prototype contrastive learning.
PCLSurv is designed to generate lower-dimensional representa-
tions that retain essential, non-redundant information critical
for predicting cancer patient survival. Specifically, PCLSurv
clusters samples according to their semantic structure following
a stepwise fusion process, thereby extracting more informative
latent features from multimodal data. Within this framework,
we incorporate learnable prototype representations that align
similar information across different samples, yielding latent
representations well-suited for survival analysis. Experimental
results demonstrate that PCLSurv significantly outperforms
existing prediction methods. Additionally, Kaplan–Meier curve
analysis and Cox proportional hazards analysis validate the
efficacy of PCLSurv in cancer survival prediction. In summary,
PCLSurv can flexibly extend to handling multi-omics datasets
and serve as a valuable tool for advancing research in the field.

Despite these promising results, there is still room for
improvement. First, the performance of PCLSurv is limited by
the constraints of the current multimodal cancer datasets.
Expanding our study to include a larger patient cohort could
enhance predictive accuracy. Furthermore, PCLSurv cannot be
applied to incomplete multi-omics datasets as it requires cross-
view counterparts to construct positive pairs for sample-level
contrastive learning. Addressing this limitation would require
methodological advances, such as alternative pair construction
strategies or imputation techniques, which warrant future
exploration.

Key Points

• We propose PCLSurv, a PCL-based multi-omics data inte-
gration model for cancer survival prediction. PCLSurv
integrates autoencoders for feature extraction, sample-
level contrastive learning for cross-view consistency, and
a BFM for feature integration. PCL enhances the model
by aligning similar samples with shared prototypes and
separating unrelated ones, improving the capture of
high-level semantic relationships.

• We extensively evaluate PCLSurv against several state-
of-the-art methods on 11 cancer datasets, demonstrat-
ing superior performance in cancer survival prediction,
with significantly improved predictive accuracy and
robustness.

• Cox proportional hazards analyses demonstrate that
PCLSurv-predicted risk scores are significantly associ-
ated with patient survival, validating its clinical rele-
vance. Radiotherapy analysis suggests that risk scores
can help stratify patients based on their treatment
response, highlighting PCLSurv’s potential in personal-
ized therapy.
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