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Accurate cancer survival prediction plays a crucial role in assisting clinicians in formulating treatment 
plans. Multimodal data, such as histopathological images, genomic data, and clinical information, 
provide complementary and comprehensive information, significantly enhancing the accuracy of this 
task. However, existing methods, despite achieving some promising results, still exhibit two significant 
limitations: they fail to effectively utilize global context and overlook the uncertainty of different 
modalities, which may lead to unreliable predictions. In this study, we propose a multimodal multi-
instance evidence fusion neural network for cancer survival prediction, called M2EF-NNs. Specifically, 
to better capture global information from images, we employ a pre-trained vision transformer model 
to extract patch feature embeddings from histopathological images. Additionally, we are the first 
to apply the Dempster–Shafer evidence theory to the cancer survival prediction task and introduce 
subjective logic to estimate the uncertainty of different modalities. We then dynamically adjust the 
weights of the class probability distribution after multimodal fusion based on the estimated evidence 
from the fused multimodal data to achieve trusted survival prediction. Finally, the experimental 
results on three cancer datasets demonstrate that our method significantly improves cancer survival 
prediction regarding overall C-index and AUC, thereby validating the model’s reliability.
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Cancer has become a significant global public health issue due to factors such as population aging, environmental 
pollution, unhealthy lifestyle habits, and changes in dietary patterns1. Histopathological images are considered 
the gold standard for cancer diagnosis, and their diagnostic results directly affect the choice of patient treatment 
and the prediction of prognosis2–4. Survival prediction is an essential aspect of cancer prognosis research. 
However, relying solely on histopathological changes cannot objectively and accurately reflect the occurrence 
and development of the disease due to individual variations and cancer heterogeneity. With the advancements 
in molecular biology, there is now substantial research evidence indicating that many molecular pathological 
changes occur in the early stages of cancer, even before apparent morphological changes in cancer tissue. In 
addition, even among cancer patients with the same histopathological type, there can be completely different 
molecular alterations within the cancer, leading to variations in drug treatment response and prognosis. Therefore, 
cancer experts often combine histopathology information with genomics information to predict patient survival 
outcomes5. However, it is important to note that histopathological images and genomic data are heterogeneous, 
originating from different sources. Therefore, it is crucial to consider and address the heterogeneity among 
various modalities, as well as the unique information inherent in each modality. Fortunately, the emergence of 
whole slide imaging (WSI) and breakthroughs in deep learning methods have provided exciting possibilities 
for the effective integration of histopathology and genomic information6–9. This integration allows for better 
quantification of the tumor microenvironment for prognostic prediction.

Recently, researchers have introduced a variety of deep learning-based methods aimed at enhancing the 
performance of cancer survival prediction through the integration of data from different modalities10,11. For 
instance, Wang et al.12 proposed the GPDBN, a fusion method that aims to enhance cancer survival prediction 
performance by taking into account the relationships within and between different modalities. But, it fails to 
fully explore the dynamic relationships within each modality. Additionally, Chen et al.13 presented a novel 
pathology fusion method for integrating histopathology and genomic data. The method utilized CNNs and 
graph convolutional networks (GCNs) to train morphological features from histopathological images and self-
normalizing neural networks (SNNs) to train genomic features. They then simplified the output representation 
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with a gate-based attention mechanism to reduce noise. Finally, they employed the Kronecker product to 
combine the deep features from histopathology and genomics, enabling the prediction of patient survival 
outcomes. The experiments yielded promising results. However, this approach does not effectively model 
cross-modal interactions. Subsequently, Chen et al.14 put forward a novel architecture named MCAT, which 
combines multiple instance learning and the Transformer model, to investigate intra-modality interactions. This 
model employs attention mechanisms to learn the interaction between images and genomics, thereby visually 
demonstrating the interpretability of multi-modality interactions.

The current methods, despite yielding promising results, suffer from two notable limitations: they do not 
effectively utilize global context and disregard modal uncertainty. Specifically, traditional methods preserve 
limited global information and utilize patch features obtained from pre-trained ResNet models on ImageNet. 
In comparison to vision transformer (ViT) models, CNN models lack spatial positional information and 
retain less global context. These structural differences result in variations in out-of-distribution generalization 
capabilities15,16. However, survival prediction is a challenging ordinal regression task aimed at predicting 
the relative risk of cancer mortality, requiring complex interactions across instances and between instances 
throughout the entire WSI. Also, traditional approaches primarily focus on improving accuracy by leveraging the 
complementarity of different modalities while neglecting uncertainty, which may lead to unreliable predictions. 
The quality of data often varies across samples due to the presence of varying amounts of information and 
potential noise in histopathological images and genomic data17,18. Existing methods either simply treat each 
modality as equally important or adjust the weights of different modalities to fixed values, integrating them 
into a shared representation for subsequent tasks. Although these methods are effective, they often overlook 
uncertainty and are insufficient to capture the dynamic noise in multimodal data, potentially resulting in 
unreliable predictions. Therefore, ensuring the reliability of multimodal integration and final decision-making 
is also crucial.

To address these challenges, we propose a multimodal multi-instance evidence fusion neural networks (M2EF-
NNs) framework for cancer survival prediction. Our proposed method is capable of capturing comprehensive 
global information while considering the uncertainties associated with individual modalities. Specifically, we 
employ a pre-trained ViT model on ImageNet to extract feature embeddings from histopathology images. Then, 
using genomic embeddings as queries, we learn the co-attention mapping between the genomic features and 
histopathological images to achieve early interaction and fusion of multimodal information. Subsequently, 
we parameterize the distribution of class probabilities using the processed multimodal features and introduce 
subjective logic to estimate the uncertainty of different modalities. By integrating the Dempster–Shafer theory 
(DST), we can dynamically adjust the weights of the class probabilities after multimodal fusion based on the 
estimated evidence from the fused multimodal data, thereby achieving reliable survival predictions. The primary 
contributions of this study are summarized as follows:

•	 To effectively capture the global information in the histopathological images, we employ a pre-trained ViT 
model trained on the ImageNet dataset. Specifically, we sliced the histopathological images at a magnification 
scale of 20x and extracted features using the pre-trained model.

•	 We introduce a multimodal attention module to fuse the processed histopathology images and genomic data. 
By learning the co-attention mapping between the genomic features and histopathology images, we achieve 
early interaction and fusion of multimodal information, enabling us to better capture their correlations.

•	 We consider the uncertainty of each modality in the cancer survival prediction by using the DST. We parame-
terize the distribution of class probabilities using the processed multimodal features and introduce subjective 
logic to estimate the uncertainty associated with different modalities. By combining with the Dempster–Shaf-
er theory, we can dynamically adjust the weights of class probabilities after multimodal fusion to achieve 
trusted survival prediction. Based on the information available to us, our work is the first to explore the 
application of the Dempster–Shafer theory in cancer survival prediction.

•	 Experimental validation on three different cancer datasets confirms the significant improvements achieved by 
our proposed method in cancer survival prediction and enhances the reliability of the model.

Related work
Weakly supervised learning in WSIs
In pathology, the heterogeneity and high resolution nature of WSI makes it challenging to directly label the 
entire image and use it for training. Moreover, only a small portion of the WSI is usually relevant to the disease. 
Therefore, many methods have started to adopt weakly supervised learning approaches to deal with pathology 
images. Currently, these weakly supervised methods based on multiple instance learning (MIL) and other set-
based deep learning techniques have achieved remarkable progress in the field of WSI applications. Researchers 
such as Edwards, Storkey, and Zaheer were among the pioneers in proposing neural network architectures 
based on set data structures19,20. Subsequently, Ilse et al.21 further extended the set-based architecture by 
introducing attention mechanisms and applying them to WSIs. To further enhance predictive performance, 
Yao et al.22 proposed an attention-guided deep MIL network, which combines multiple instance learning and 
attention mechanisms for survival analysis in cancer patients, offering good interpretability. Recently, Chen et 
al.14 introduced MCAT, a novel structure that combines multiple instance learning and transformer models 
for early fusion interaction of modalities, further exploring the interactions within modalities and achieving 
good predictive performance. In summary, while MIL-based pathology analysis methods may not fully capture 
the complex interactions between instances, they have been able to effectively address the needle-in-a-haystack 
problem in pathology. These methods provide powerful tools for pathology researchers to tackle the challenges 
of whole-slide digital pathology images and offer more accurate disease analysis and prediction.
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Vision transformer
Google introduced the Transformer architecture in 2017 as a deep learning framework. Initially designed to 
tackle machine translation tasks, it utilizes a self-attention mechanism and incorporates a multi-head attention 
mechanism23. In 2020, Dosovitskiy et al.24 introduced the architecture to image classification for the first 
time, proposing the ViT. This work demonstrated that image classification is not necessarily dependent on 
traditional CNNs and becoming a benchmark method for many computer vision tasks. Recent studies on ViT 
have primarily focused on robustness25, the impact of self-attention on the models26, model improvements27, 
and comparisons with CNN models15,16. In the medical domain, histopathology images exhibit complex 
composition, where some abnormal images consist mostly of abnormal patches, while others contain only a small 
fraction of abnormal patches. Therefore, models used for histopathology image feature extraction tasks must 
possess strong capabilities to extract global information. The ViT architecture introduces positional encoding, 
improving accessibility to global information and exhibiting excellent out-of-distribution generalization and 
prominent feature representation capabilities. As a result, ViT has demonstrated outstanding performance in 
histopathology images segmentation and classification tasks28,29. For example, Gao et al.30 introduced i-ViT, 
a method designed to learn robust representations of histopathological images for tasks involving subtyping 
papillary renal cell carcinoma. This approach focuses on extracting detailed features from patches to enhance 
the quality of the learned representations. Chen et al.31 presented GasHisTransformer, a model that combines the 
strengths of ViT and CNN architectures to achieve automatic global detection of gastric cancer images. Huang et 
al.32 proposed a novel cross-scale fusion Transformer model, designed to efficiently integrate patch embeddings 
from diverse fields of view and learn cross-scale contextual relationships. However, these methods based on 
vision transformers face the challenge of high computational costs. Some approaches utilize random sampling33 
or patch clustering22 for downsampling to reduce computational complexity, which may lead to information loss. 
In this context, the Swin Transformer, as a variant of ViT, employs a local window self-attention mechanism that 
reduces computational complexity, making it more suitable for processing high-resolution images. Therefore, we 
adopt a pre-trained Swin Transformer model for feature extraction from pathological images.

Dempster–Shafer evidence theory
DST, initially proposed by Dempster, is a theory that deals with belief functions34. It serves as an extension of 
Bayesian theory by incorporating subjective probabilities35. It has been developed as a general framework for 
modeling uncertainty in cognition36. Unlike Bayesian neural networks that indirectly model uncertainty through 
parameter sampling, DST directly models uncertainty. It enables the combination of beliefs from multiple 
sources using different fusion operators, resulting in new beliefs that incorporate all available evidence37. In data 
classification, the belief functions and Dempster’s combination rule of evidence theory have been combined 
with various classification algorithms to handle uncertainty38–40. Denoeux et al.41 proposed a multi-layer neural 
network that combines the Dempster rule for adaptive pattern classification. Sensoy et al.42 applied evidence 
theory to quantify uncertainty in deep convolutional neural network classification and constructed an evidence-
deep neural network. Furthermore, evidence-based deep neural networks have been used to build algorithms 
for uncertain data classification43–45. Recently, Han et al. introduced a trusted multimodal classification method 
that combines the DS evidence theory and subjective logic. It parameterizes the distribution parameters of class 
probabilities as Dirichlet distributions using evidence from different views and estimates the uncertainty of 
different viewpoints46. In order to ensure the reliability of multimodal integration and the final prediction of 
histopathology and genomics, we are the first to introduce the Dempster–Shafer evidence theory for trusted 
multimodal survival prediction.

Method
In this section, we will introduce our overall framework, as shown in Fig. 1. The M2EF-NNs proposed in 
this paper contain three main modules, including the multimodal multiple instance feature extraction, the 
multimodal feature fusion, and the DST-based trusted survival prediction.

Multimodal multiple instance feature extraction
In multiple instance learning, training samples are organized in the form of instance bags, where each bag consists 
of multiple instances and is assigned a label indicating its class. In our study, we constructed corresponding 
instance bags for each patient’s histopathology images and genomic data. Each instance bag contains a varying 
number of instances. The label for each instance bag represents the total survival time of the patient in months. 
Additionally, we used a label to indicate the survival status, where 0 represents death and 1 represents survival.

Feature extraction for histopathology images: To handle large-scale WSIs, we adopted a two-stage MIL 
approach for feature extraction. First, we needed to crop the complete WSI into multiple equal-sized patches 
and extract features from each patch to obtain instance-level features for subsequent tasks. Considering the 
high resolution of WSIs, processing the entire image at once in memory is challenging. Therefore, we opted for 
a staged approach. Before model training, we first used a pre-trained model for feature extraction, saving the 
extracted features for subsequent model training. The entire feature extraction process is illustrated in Fig. 2. We 
selected WSIs at a magnification scale of 20x for analysis. First, for each WSI, we performed tissue segmentation 
employing the method described in Lu et al.47. The segmented tissue regions were then cropped into 256 × 256 
patches, ensuring no spatial overlap between the patches. For each patch, we extracted a 1536-dimensional 
feature embedding h ∈ R1536×1 using the pre-trained Swin-L model27 trained on ImageNet. Because among 
the different variants of the Swin Transformer, Swin-L has the most parameters and a more complex network 
structure, it is capable of capturing richer features and more intricate patterns. Additionally, when handling 
high-resolution images and complex tasks, Swin-L typically offers higher accuracy and better performance. We 
then map the feature embeddings to a 256-dimensional space using a fully connected (FC) layer. Finally, we 
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packaged each patch-level embedding into an instance bag Hbag ∈ RM×256, where M is the instance size of the 
bag and the instance size of each WSI is not unique.

Feature extraction for genomics: Genomic data primarily consists of gene mutation status, copy number 
variations, and gene expression data, which are typically represented as 1 × 1 attributes. In our study, we utilized 
the semantic information within genes and grouped genes with similar biological functions into one instance for 
feature extraction. We divided the gene sets using six functional category labels obtained from48,49. These sets are 
tumor suppressor, tumor occurrence, protein kinase, cell differentiation, transcription, and cytokine and growth. 
The size of each gene set may vary. To process these genomic data, we employed two fully connected layers (FC 
layers). The first FC layer was used to partition all gene attributes and assign them to their corresponding gene 
sets. The second FC layer mapped each gene set to a 256-dimensional feature embedding {gn ∈ R256×1}N

n=1. 
These feature embeddings were then packaged into a genomic bag Gbag ∈ RN×256. Here, N was set to 6, 
indicating that each genomic bag contained six instances corresponding to six functional category label sets.

Fig. 2.  The specific framework of WSI feature extraction.

 

Fig. 1.  Overview of M2EF-NNs. It consists of three parts: (1) Multimodal multiple instance feature extraction: 
The part is to extract features from multimodal data. Specifically, patches are sampled from WSI with 20x 
magnification and then fed them into a pre-trained Swin-L model to extract patch features at the instance level. 
Second, based on the biological function, genomic profiles are classified, and instance-level genomic features 
are extracted. (2) Multimodal feature fusion: In this part, multiple strategies are employed to fuse features from 
different modalities. First, we learn the co-attention mapping between the genomic features and histopathology 
images to achieve early interaction and fusion of multimodal information. Second, multi-instance features 
are aggregated using global attention pooling, transforming instance-level features into image-level features. 
Finally, the features from different modalities are fused using a concatenation method to obtain the final fused 
feature vector. (3) DST-based trusted survival prediction: In this stage, the Dempster–Shafer theory is utilized 
to integrate multimodal information at the evidence level and dynamically adjust the weights of fused class 
probabilities after multimodal fusion for trusted survival prediction.
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Multimodal feature fusion network
In multimodal feature fusion, our goal is to integrate features from different modalities to achieve a more 
comprehensive and robust feature representation than a single modality alone. In this stage, our primary 
emphasis is on the multimodal fusion of histopathology images and genomic features. The objective is to 
construct a unified feature representation for subsequent survival prediction. This process involves three steps: 
cross-modal early fusion, multiple instance aggregation, and multimodal late fusion.

Cross-modal early fusion: First, inspired by the work of Chen et al.14 and Vaswani et al.23, we found that we 
can use genomic embeddings Gbag ∈ RN×256 as a substitute for the query Q in the Transformer attention 
mechanism. We then multiply the query with the histopathology image embeddings Hbag ∈ RM×256 to obtain 
a co-attention matrix Acoat between the two modalities, achieving early interaction fusion. Here, our goal is 
to map histopathology image embeddings Hbag  to a set of genomic-guided histopathology image embeddings 
Ĥbag . This mapping can be represented as:

	
CoAtG→H(G, H) = softmax

(
QKT

√
dk

)
= softmax

(
WqGHT W T

k√
256

)
WvH → AcoatWvH → Ĥ � (1)

where Wq , Wk , and Wv  are trainable weight matrices that are multiplied with the query Gbag  and key-value 
pairs (Hbag ,Hbag), respectively, and Acoat ∈ RN×M  is the co-attention matrix used to compute the weighted 
average of Hbag . By employing this approach, we achieve an early fusion of histopathology image features and 
genomic features, allowing them to influence and interact with each other, thereby extracting richer multimodal 
features. Furthermore, in the experiments, the batch size of Q is 6, while the batch sizes of K and V are generally 
larger than Q. As a result, aggregating Ĥbag ∈ RN×256 is computationally more efficient than aggregating 
Hbag ∈ RM×256, significantly reducing the computational cost. The obtained Ĥbag  is essentially a WSI feature 
embedding that is enhanced with the attention of genomic information.

Multiple instance aggregation: Then, we pass the obtained genomic-guided histopathology image embeddings 
Ĥbag  and the genomic feature matrix Gbag  through two Transformer encoder layers and a global attention-
based pooling layer for multiple instance aggregation. In the instance aggregation, we first compute their 
attention scores as follows:
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where Wρh, Vρh, Uρh, Wρg , Vρg , and Uρg  are all trainable parameters. Then, we concatenate all the instance 
vectors h and g within the bags Ĥbag  and Gbag  to form the feature vector as shown below:

	
Rh =ReLU

(
Wζh

N∑
ih−1

Aihhi

)
, � (4)

	
Rg =ReLU

(
Wζg

N∑
ig=1

Aiggi

)
, � (5)

where Wζh and Wζg  are also trainable parameters.
Multimodal late fusion: Finally, we pass the aggregated genomic-guided histopathology image feature vector 

and the genomic feature vector to an MLP (Multi-Layer Perceptron) for late fusion. This MLP comprises two 
layers with ReLU activation functions. Ultimately, we obtain a 256-dimensional feature vector as follows:

	 Rfusion = MLP (Rh ⊕ Rg),� (6)

where Rfusion includes both histopathological images and genomic information.

DST-based trusted survival prediction
In the survival prediction task, we adopted the same model as Chen et al.14 and modeled the survival time using 
discrete time intervals. We divided the survival time into four non-overlapping intervals based on its quantiles. 
Therefore, the discrete survival time corresponds to four labeled categories, then K is equal to 4. Next, we input 
the unified feature representation constructed through late fusion into a fully connected layer (FC layer). In this 
FC layer, for each time interval, we can calculate a survival risk score that represents the patient’s survival risk 
within that interval. We use the sigmoid activation function to fit the patient’s survival risk score as follows:

	 srisk = sigmod(F C(Rfusion)),� (7)

where srisk  is a four-dimensional vector, representing the survival risk for each category.
Inspired by the research of Han et al.46, to ensure the reliability of multimodal integration and the final 

prediction of histopathology and genomics, as shown in Fig. 3, we used evidence from different modes to 
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parameterize the distribution of category probability into Dirichlet distribution and introduced subjective logic 
to estimate the uncertainty of different modes, combined with Dempster–Shafer theory, the weights of category 
probabilities after multimodal fusion are dynamically adjusted to make trusted multimodal survival prediction. 
Specifically, firstly, we can get non-negative evidence vectors eh and eg  from the feature embeddings aggregated 
by histopathology and genomics through a full connection layer and a softplus activation layer respectively as 
follows:

	 eh = Softplus(F C(Rh)), eg = Softplus(F C(Rg)).� (8)

Subjective logic links the evidence with the parameters of Dirichlet distribution, for α = e + 1. Accordingly, the 
parameters of Dirichlet distribution of the two modes αh and αg  can be obtained as follows:

	 αh = eh + 1, αg = eg + 1.� (9)

Sh and Sg  are Dirichlet strengths which are calculated as follows:

	
Sh =

K∑
i=1

(ekh + 1) =
K∑

i=1

αh, Sg =
K∑

i=1

(ekg + 1) =
K∑

i=1

αg.� (10)

Subsequently, we calculate the confidence mass and overall uncertainty for each modality separately as follows:

	
bkh =ekh

Sh
= αkh − 1

Sh
, bkg = ekg

Sg
= αkg − 1

Sg
, � (11)

	
uh = K

Sh
, ug = K

Sg
, � (12)

where uh, ug, bh, bg ≥ 0, and meet uh +
∑K

k=1 bkh = 1 ,ug +
∑K

k=1 bkg = 1. After obtaining the evidence 
and uncertainties from individual modalities, we utilized the DST to combine evidence from various sources 
and generate a degree of belief that incorporates all available evidence. Through the utilization of the Dempster–
Shafer combination rule, we can derive the final confidence quality for each category and assess the overall 
uncertainty as follows:

	
bk = 1

1 − C

(
bkhbkg + bkhug + bkguh

)
, u − 1

1 − C
uhug.� (13)

Thereby, we can estimate the fused evidence from multiple modalities and determine the corresponding 
parameters of the Dirichlet distribution as follows:

	
S = K

u
, ek = bk × S, αk = ek + 1.� (14)

Then, the final evidence for each category, obtained through evidence fusion, is normalized using the sigmoid 
function. This normalization process allows us to obtain the weight parameters for the risk scores of each 
category, derived from the multimodal fusion network. The calculation of the final risk scores is as follows:

	 orisk = sigmod(e) · srisk.� (15)

Fig. 3.  The process of DST-based trusted survival prediction.
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In the final risk score orisk , the uncertainty of each modality is taken into account. The sizes of the final evidence 
for each class, obtained through evidence fusion, are used to dynamically adjust the risk scores obtained from 
the modality fusion network. The greater the evidence accumulated, the higher the weight assigned, leading 
to an increased final risk score for that particular class. Conversely, the less evidence there is, the smaller the 
weight assigned to the corresponding risk score, leading to a lower final risk score for the class. Compared to 
other methods, our approach reduces decision-making risks and improves the reliability of the model. When 
updating the parameters of the survival model, we followed the approach of Chen et al.14 by considering the log-
likelihood50 that takes into account the patient’s survival status.

Experiments and results
Dataset descriptions
To validate our proposed method, we collected data on Bladder Urothelial Carcinoma (BLCA), Glioblastoma 
& Lower Grade Glioma (GBMLGG), and Breast Invasive Carcinoma (BRCA) from The Cancer Genome 
Atlas (TCGA). We matched the diagnostic WSIs of each patient with their genomic information and clinical 
information, including survival time labels and review status. The statistical information for the three constructed 
datasets is shown in Table 1. For the BLCA dataset, we had 373 patients, 437 WSIs, and 3392 genes. For the 
GBMLGG dataset, we had 567 patients, 1014 WSIs, and 2723 genes. For the BRCA dataset, we had 955 patients, 
1020 WSIs, and 2630 genes.

Implementation details
We trained our model using an NVIDIA GTX 4090 GPU. Firstly, we sampled slices at a magnification scale of 20x 
and extracted 1536-dimensional image feature embeddings using the Swin-L model pretrained on ImageNet. 
Then, we applied two fully connected layers to transform the genomic data into genomic feature embeddings. 
Next, we fed the extracted histopathology feature embeddings and patient genomic feature embeddings into 
the multimodal fusion network. We first learned a co-attention mapping between the genomic data and WSIs. 
Then, we processed the WSI and genomic features separately using two visual transformers and an attention 
pooling layer. The preprocessed features were subsequently combined through concatenation and fed into a fully 
connected layers with sigmoid activations to obtain the concatenated risk scores. Simultaneously, the evidence 
fusion of different modalities was performed using the final evidence from the modal fusion network as the 
weight parameters for the risk scores of each class obtained from the modal fusion network. During the training 
phase, we employed the Adam optimizer with a learning rate of 2 × 10−4, weight decay of 1 × 10−5, batch size 
of 1, and a total of 20 training epochs.

Evaluation metrics
In our experiments, we utilized the concordance index (C-index) as an evaluation metric. The concordance 
index quantifies the correlation between risk scores and survival times and is a commonly used evaluation 
metric for survival prediction. The calculation formula is as follows:

	

C − index = 1
n

∑
i∈{1,2,··· ,N}

∑
tj >ti

I[oi > oj ].� (16)

where n is the number of comparable pairs, s are the observed values, o is the survival risk calculated by the 
model, and I[·] is the indicator function. As for the AUC, it quantifies the ranking quality at the event time level, 
providing a complementary quantitative measure to the c-Index. It is calculated as follows:

	
AUC = 1

m

∑
t∈T

∑
ti<t

∑
tj >t

I[oi > oj ]. � (17)

where m represents the cumulative number of comparable pairs computed over all event times, t is the set of 
all distinct event times in the dataset. And both the C-index and AUC quantify the ranking quality, with values 
ranging from 0 to 1. A higher value indicates better predictive performance, while a lower value indicates poorer 
performance.

In addition to the concordance index, We also employed the log-rank test51 to evaluate the statistical 
significance of differences between the two survival curves. The log-rank test allows for the comparison 
of survival curve differences between different groups, such as the predicted high-risk and low-risk groups. 
This test helps determine whether the risk stratification predicted by the model has statistical significance. 
Furthermore, we employed the Kaplan–Meier estimation and the predicted risk distribution to visualize patient 
stratification52. The Kaplan–Meier estimation is a non-parametric approach utilized to estimate survival curves 
based on information regarding a patient’s survival time and events, such as death or recurrence. By visualizing 

Dataset BLCA GBMLGG BRCA

Patient number 373 567 955

WSI number 437 1014 1020

Gene number 3392 2723 2630

Table 1.  Data statistics of datasets.
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the predicted risk distribution and survival curves, we can intuitively demonstrate how the model stratifies 
patients.

Methods for comparison
In comparisons with state-of-the-art methods on two cancer datasets, we first compare the proposed M2EF-
NNs method with a single-modality genomic-based approach and three single-modality MIL methods based 
on WSIs, including (1) self-normalizing neural network method, (2) sum pooling-based method, (3) global 
attention pooling-based method, and (4) cluster-based method. Subsequently, we further compare M2EF-
NNs with four state-of-the-art multimodal MIL methods, including (1) sum pooling-based method, (2) global 
attention pooling-based method, (3) cluster-based method, and (4) co-attention-based method. Now we briefly 
summarize these competing methods as follows.

(1) SNN53: SNN is a self-normalizing neural network architecture used for genomic single-line comparison. 
It utilizes self-normalizing activation functions and weight initialization methods to enhance the training 
effectiveness and robustness of the network.

(2) Deep sets20: Deep sets is one of the earliest set-based neural network architecture. It is a method that 
performs feature aggregation and pooling at the instance level. This approach can handle input sets with an 
uncertain number of instances and models the set using a pooling operation with a variable order.

(3) Attention MIL21: Attention MIL is a multiple instance learning architecture based on attention mechanisms. 
It extends the concept of set-based learning and uses global attention pooling instead of sum pooling to aggregate 
instances in a deep set. This method can adaptively learn the importance weights of different instances to better 
capture key instances within the set.

(4) DeepAttnMISL22: DeepAttnMISL is a survival analysis method based on multiple-instance learning and 
attention mechanisms. It first clusters instance features into K clusters using the K-Means method and then 
extracts features from each cluster using convolutional neural networks. Finally, the cluster instance features are 
aggregated using global attention pooling. This method demonstrates good performance and interpretability in 
explaining survival-related pathology images.

(5) MCAT14: MCAT is an advanced interpretable and weakly supervised multimodal survival prediction 
architecture. It is based on multi-instance learning and the Transformer model, to explore intra-modality 
interactions. This model learns the interaction between images and genes using attention mechanisms and 
visually demonstrates the interpretability of multi-modality interactions.

There are two major strategies in M2EF-NNs, i.e., (1) using a pre-trained Swin-L model to extract pathological 
image features, and (2) performing trusted survival prediction based on the DST. To investigate the effectiveness 
of these strategies, we further compare M2EF-NNs with its three variants, including (1) uses the pre-trained 
Swin-L model for extracting pathological image features but does not employ the survival predictor based on the 
D–S evidence theory (denoted as MCAT (Swin-L)), (2) does not use the pre-trained Swin-L model for extracting 
pathological image features but employs the survival predictor based on the D–S evidence theory (denoted as 
M2EF-NNs (Resnet 50)), and (3) uses the pre-trained Swin-L model for extracting pathological image features 
and employs the survival predictor based on the D–S evidence theory (denoted as M2EF-NNs (Swin-L)). 
Additionally, for the purpose of multimodal comparison with M2EF-NNs, we only employed concatenation 
fusion as a late fusion mechanism to integrate histopathological and genomic features. For all methods, we used 
the same 5-fold cross-validation splits, training hyperparameters, and loss functions on the three cancer datasets.

Experimental results
Tables 2 and 3 show the experimental results on three cancer datasets using different methods. From the table, 
we can find that M2EF-NNs outperform DeepSets, attention MIL, and DeepAttnMISL in terms of single-
modality data training methods. The overall C-index performance improved by 20.80%, 13.70%, and 15.59%, 
while the overall AUC improved by 14.64%, 17.95%, and 16.09%, respectively. This indicates that M2EF-NNs are 
more accurate in survival prediction tasks compared to these methods. Relative to the genomic baseline, M2EF-
NNs achieved a performance improvement of 8.90%. This suggests that M2EF-NNs exhibit better survival 
prediction capability on genomic data. M2EF-NNs show improvements in all benchmark tests compared to 
their corresponding single-modality tasks, which is consistent with similar work that utilizes multimodal fusion 
to enhance supervised learning tasks. This further validates the effectiveness of multimodal data fusion in 

Methods Model BLCA GBMLGG BRCA Overall

Unimodal

SNN (Genomic only) 0.583 ± 0.029 0.807 ± 0.014 0.531 ± 0.072 0.640

DeepSets (WSI only) 0.497 ± 0.013 0.744 ± 0.014 0.491 ± 0.060 0.577

Attention MIL (WSI only) 0.541 ± 0.075 0.771 ± 0.032 0.527 ± 0.039 0.613

DeepAttnMISL (WSI only) 0.537 ± 0.024 0.754 ± 0.025 0.519 ± 0.061 0.603

Multimodal

DeepSets 0.597 ± 0.036 0.801 ± 0.046 0.546 ± 0.099 0.648

Attention MIL 0.601 ± 0.024 0.801 ± 0.028 0.554 ± 0.085 0.652

DeepAttnMISL 0.606 ± 0.025 0.809 ± 0.014 0.554 ± 0.071 0.656

MCAT 0.624 ± 0.023 0.817 ± 0.024 0.591 ± 0.085 0.677

M2EF-NNs 0.651 ± 0.021 0.821 ± 0.034 0.618 ± 0.030 0.697

Table 2.  The results of comparison experimental by different methods using C-index values.
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improving survival prediction performance. When compared to the multimodal methods of DeepSets, Attention 
MIL, DeepAttnMISL, and MCAT, M2EF-NNs achieved increases in overall C-index of 7.56%, 6.90%, 6.25%, and 
2.95%, respectively, and improvements in overall AUC of 8.24%, 5.14%, 4.84%, and 1.66%. This indicates that 
M2EF-NNs have improved overall performance in multimodal survival prediction tasks.

Additionally, stratifying patients into low-risk and high-risk categories is clinically significant, providing 
prognostic information that guides treatment decisions, patient communication, and resource allocation. For 
low-risk patients, who typically have a better prognosis, doctors may choose a more conservative treatment 
approach and maintain an optimistic outlook on treatment outcomes, thereby reducing the frequency of follow-
ups and diagnostic checks. In this study, we utilized the 50th percentile as the risk index in the Kaplan–Meier 
survival analysis to categorize patients into low-risk and high-risk groups. Figure 4 presents the results of the 
analysis. The Kaplan–Meier survival curves clearly demonstrate that the M2EF-NNs method outperforms other 
multimodal methods in both datasets, indicating its superior performance. In the BLCA dataset, the log-rank 
test P-values were 1.904e-03 for DeepSets, 1.053e-02 for Attention MIL, 2.939e-03 for DeepAttnMISL, and 
3.045e-04 for MCAT, while M2EF-NNs achieved the most significant P-value of 2.130e-06. In the GBMLGG 
dataset, the P-values were 4.586e-25 for DeepSets, 1.731e-23 for Attention MIL, 1.120e-24 for DeepAttnMISL, 
and 3.789e-29 for MCAT, with M2EF-NNs showing the most significant P-value of 3.590e-31. For the BRCA 
dataset, the P-values were 2.705e-01 for DeepSets, 1.519e-04 for Attention MIL, 1.673e-02 for DeepAttnMISL, 
and 2.753e-02 for MCAT, with M2EF-NNs again achieving the most significant P-value of 4.002e-06. Therefore, 
these experiments indicate that the proposed M2EF-NNs method can enhance the performance of cancer 
survival prediction.

Ablation studies
To further evaluate the effectiveness of the pre-trained Swin-L model for patch feature extraction and the trusted 
survival predictor based on the DST, we conducted ablation experiments. Tables 4 and 5 present the results of 
the ablation experiments. The results demonstrate that both using the Swin-L model for patch feature extraction 
and the multimodal evidence fusion-based trusted survival predictor contributes to the overall C-index. 
Specifically, comparing M2EF-NNs (Swin-L) with M2EF-NNs (ResNet 50), we found that the model using the 
Swin-L model for patch feature extraction outperformed the method using the ResNet 50 model, with an overall 
average C-index of 0.697 and an AUC of 0.736 across all three datasets. These findings demonstrate that the 
Swin-L model effectively captures representative features from medical images. Furthermore, the performance 
difference between M2EF-NNs (Swin-L) and MCAT (Swin-L) validates the effectiveness of the trusted survival 
predictor based on the DST.

Furthermore, upon examining the Kaplan–Meier survival curves in Fig. 5 and the corresponding log-rank 
test p-values, it becomes evident that our proposed M2EF-NNs method, which leverages the pre-trained Swin-L 
model for patch feature extraction and the trusted survival predictor based on the DST, significantly improves 
its performance. In the BLCA dataset, M2EF-NNs(Swin-L) achieved a log-rank test P-value of 2.130e-06, which 
was the most significant compared to M2EF-NNs(ResNet 50) and MCAT(Swin-L). In the GBMLGG dataset, 
M2EF-NNs(Swin-L) recorded a log-rank test P-value of 3.590e-31, again the most significant compared to the 
other methods. Similarly, in the BRCA dataset, M2EF-NNs(Swin-L) had a log-rank test P-value of 4.002e-06, 
again demonstrating superior significance compared to M2EF-NNs(ResNet 50) and MCAT(Swin-L).

Multimodal interpretability
In addition to the improved c-Index and significant patient stratification, our M2EF-NNs method is highly 
interpretable. We utilize genomic embeddings to guide the computation of shared attention weights for 
histopathological patches. These shared attention weights are overlaid onto the corresponding spatial locations 
in the original whole-slide images (WSI) to construct genomic-guided visual concept-attention heatmaps. As 
shown in Fig. 6, in both low-risk and high-risk cases of TCGA-BLCA, the genomic-guided heatmaps reflect 
several known genotype-phenotype relationships in cancer pathology. Specifically, in BLCA, the genomic-
guided visual concept-attention heatmaps often reflect normal stroma, glands, and adipocytes, which are 
associated with tumor suppression, protein kinases, and cellular differentiation. Across all cases, the cellular 
differentiation embeddings predominantly focus on tumor-associated stroma, while tumor suppression and 
protein kinase embeddings primarily concentrate on adipocyte-adjacent stroma and glandular structures. In the 

Methods Model BLCA GBMLGG BRCA Overall

Unimodal

SNN (Genomic only) 0.599 ± 0.037 0.824 ± 0.021 0.610 ± 0.077 0.678

DeepSets (WSI only) 0.560 ± 0.046 0.764 ± 0.059 0.601 ± 0.039 0.642

Attention MIL (WSI only) 0.545 ± 0.092 0.789 ± 0.053 0.538 ± 0.063 0.624

DeepAttnMISL (WSI only) 0.547 ± 0.043 0.778 ± 0.033 0.576 ± 0.061 0.634

Multimodal

DeepSets 0.613 ± 0.054 0.832 ± 0.067 0.594 ± 0.085 0.680

Attention MIL 0.613 ± 0.034 0.837 ± 0.038 0.650 ± 0.065 0.700

DeepAttnMISL 0.614 ± 0.043 0.841 ± 0.026 0.651 ± 0.098 0.702

MCAT 0.652 ± 0.033 0.854 ± 0.031 0.667 ± 0.031 0.724

M2EF-NNs 0.675 ± 0.042 0.862 ± 0.043 0.671 ± 0.019 0.736

Table 3.  The results of comparison experimental by different methods using AUC values.
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Methods BLCA GBMLGG BRCA Overall

MCAT (Swin-L) 0.633 ± 0.030 0.817 ± 0.030 0.600 ± 0.065 0.683

M2EF-NNs (Resnet 50) 0.641 ± 0.016 0.818 ± 0.022 0.608 ± 0.044 0.689

M2EF-NNs (Swin-L) 0.651 ± 0.021 0.821 ± 0.034 0.618 ± 0.030 0.697

Table 4.  The results of ablation studies using C-index values.

 

Fig. 4.  Kaplan–Meier survival curves of the multimodal methods..
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tumor and transcriptomic embeddings, regions with high attention weights are localized to aggressive, higher-
grade tumor morphologies, such as dense tumor cells and tumor-infiltrated stroma. In the cytokine embeddings, 
high attention regions are centered around immune cells and tumor cells infiltrating the normal stroma.

These observations indicate that through genomics-guided shared attention heatmaps, the M2EF-NNs 
method is able to capture some known genotype-phenotype relationships in cancer pathology, aiding in the 
understanding of cancer development and pathological features. This highly interpretable approach can provide 
medical researchers and clinicians with deeper insights to support cancer diagnosis, treatment, and prognosis 
assessment.

Discussion
In the diagnosis and prognosis assessment of cancer, it is typically necessary to obtain multiple biomarkers to 
accurately evaluate the disease status and progression stage. Among these biomarkers, histopathological images 
and genomic data are two primary types. While there have been some studies proposing multimodal survival 
prediction methods that integrate histopathology images and genomics data, achieving good results, there are 
two significant limitations: they cannot effectively utilize global context and they disregard the uncertainty 

Fig. 5.  Kaplan–Meier survival curves of ablation study..

 

Methods BLCA GBMLGG BRCA Overall

MCAT (Swin-L) 0.656 ± 0.045 0.858 ± 0.044 0.640 ± 0.054 0.718

M2EF-NNs (Resnet 50) 0.665 ± 0.027 0.858 ± 0.025 0.667 ± 0.033 0.730

M2EF-NNs (Swin-L) 0.675 ± 0.042 0.862 ± 0.043 0.671 ± 0.019 0.736

Table 5.  The results of ablation studies using AUC values.
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of modalities. To extract effective predictive features from these multimodal data for multimodal integration 
and ensure the reliability of the final decision, we propose a multimodal multi-instance evidence fusion neural 
networks (M2EF-NNs) framework for cancer survival prediction. Our proposed method is capable of capturing 
comprehensive global information while considering the uncertainties associated with individual modalities. 
Specifically, we employ a pre-trained Swin-L model to extract features from histopathology images. Then, 
using genomic embeddings as queries, we learn the co-attention mapping between the genomic features and 
histopathology images to achieve early interaction and fusion of multimodal information. Subsequently, we 
integrate the multimodal information at the evidence level using Dempster–Shafer theory and dynamically adjust 
the weights of the class probability distribution after multimodal fusion to achieve trusted survival prediction.

In line with similar studies that employ multimodal fusion to enhance supervised learning tasks, M2EF-NNs 
demonstrates improvements over its respective single-modal counterparts in all benchmark evaluations. This 
further validates the effectiveness of multimodal data fusion in improving survival prediction performance. 
Compared to the multimodal methods of DeepSets, Attention MIL, DeepAttnMISL, and MCAT, the M2EF-
NNs method exhibits overall performance improvement for multimodal survival prediction. This provides a 
new computational tool for cancer survival prediction. Additionally, ablation experiments further validate the 
effectiveness of the pre-trained Swin-L model in capturing representative patch features and the trusted survival 
predictor based on the DST.

Fig. 6.  Attention heatmaps with corresponding high attention patches.
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Our study has two limitations. Firstly, it only analyzes pathological images at a single scale to reduce training 
time costs. WSIs are typically organized in a pyramid structure, with data scanned at different magnification 
levels stored in different pyramid levels. Pathologists continuously review and analyze pathological images at 
different magnifications while moving across the microscope or terminal screen, rather than focusing on local 
or fixed magnifications. Analyzing slices of pathological images at a single scale may not adequately represent the 
overall heterogeneous microenvironment of the tumor. Secondly, the separation of the WSI feature extraction 
process from the final prediction stage in M2EF-NNs does not allow for end-to-end training. In future research, 
we plan to combine data of different resolutions and explore the use of multi-granularity computational methods, 
such as fuzzy sets54, clustering55,56 and feature weighting57, to perform multiscale feature fusion from coarse to 
fine granularity in order to capture more comprehensive features. We will also consider using techniques like 
transfer learning or self-supervised learning to achieve end-to-end learning from input to output, thereby better 
utilizing existing data.

Conclusion
In this work, we propose a multimodal multi-instance evidence fusion neural networks (M2EF-NNs) 
framework for cancer survival prediction. Our proposed method is capable of capturing comprehensive global 
information while considering the uncertainties associated with individual modalities. Specifically, we employ 
a pre-trained Swin-L model to extract features from histopathology images. Then, using genomic embeddings 
as queries, we learn the co-attention mapping between the genomic features and histopathology images to 
achieve early interaction and fusion of multimodal information. Subsequently, we integrate the multimodal 
information at the evidence level using Dempster–Shafer theory and dynamically adjust the weights of the 
class probability distribution after multimodal fusion to achieve trusted survival prediction. The experimental 
results unequivocally demonstrate a substantial enhancement in cancer survival prediction performance with 
the proposed method, thereby significantly boosting the model’s reliability. Moreover, our approach not only 
provides powerful computational tools for cancer survival prediction but also advances research in this field. It 
aims to offer clinicians and patients more accurate and reliable cancer survival predictions, as well as support for 
personalized treatment decision-making.

Data availibility
The data used in this study are publicly available through the Genomic Data Commons Data Portal ​(​​​h​t​t​p​s​:​/​/​p​o​
r​t​a​l​.​g​d​c​.​c​a​n​c​e​r​.​g​o​v​/​​​​​)​.​​
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