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Abstract

Cancer survival analysis with multimodal data is crucial for
precise treatments and patient benefits. However, the follow-
ing challenges prohibit integrating histopathology and ge-
nomics: (i) multimodal data is not always complete, espe-
cially for the more costly genomics data; (ii) intricate in-
teractions between different modalities are difficult to cap-
ture and understand. To response, we propose an end-to-end
framework (CIMA) that coordinates Cyclic modality genera-
tion and Multi-grained multimodal Alignment. Specifically,
CIMA designs a cyclic modality reconstruction module to
reciprocally impute missing modalities and infer the inter-
actions between them. Next, it introduces the multi-grained
alignment module over the imputed data and interactions to
mine fine-grained alignments between histopathology (slide
patches) and genomics (biological pathways). CIMA then
constructs the adaptive fusion module to leverage multimodal
data and alignments for survival prediction. Extensive ex-
periments on cancer benchmark datasets demonstrate that
CIMA outperforms existing methods and exhibits good inter-
pretability, providing valuable insights into intricate relation-
ships between pathological phenotypes and biological path-
ways. Our code is released in the supplementary materials.

Extended version —
https://www.sdu-idea.cn/codes.php?name=CIMA

Introduction
Cancer survival analysis is a critical issue in medical time-
to-event prediction and has wide applications in clini-
cal management decisions, such as treatment and moni-
toring (Bray et al. 2024). Compared to relying solely on
histopathology images, integrating morphological informa-
tion from histopathology with molecular mechanism infor-
mation from genomic profiles enables a more comprehen-
sive and accurate estimation of patient mortality risk for
prognosis. However, this process is labor-intensive, time-
consuming, and dependent on the subjective factors of clin-
icians (Van der Laak, Litjens, and Ciompi 2021; Xu et al.
2023). Given that, it is imperative to develop accurate and
robust computational methods for cancer survival analysis.
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Recent works employ multimodal learning for integration
of different perspectives that characterize patients, providing
more detailed evidence-based support for survival predic-
tion (Boehm et al. 2022). For example, several studies (Chen
et al. 2021; Zhou et al. 2023) have improved the prognosis of
a majority of cancers. However, the inevitable incomplete-
ness of multimodal data and the insufficient exploration
of relationships between modalities hinder the further ad-
vancement of these methods and undermine their potential
for clinical application.

To mitigate the negative impact posed by data incom-
pleteness, various strategies have been explored (Miao et al.
2022; Wang et al. 2022; Wu et al. 2025), such as statisti-
cal imputation methods (e.g., zero and mean padding) and
autoencoder-based ones (van Loon et al. 2024). Neverthe-
less, directly applying these approaches to multimodal can-
cer survival prediction remains problematic for several rea-
sons (Hou et al. 2023), such as the significant heterogeneity
between multimodal medical data and the complex interac-
tions between modalities (Qiu et al. 2023; Zhou et al. 2024;
Bu et al. 2024). On the one hand, the information content
across medical modalities differs greatly, which can lead to
severe mode collapse during imputation. For instance, WSIs
often contain gigapixel-scale resolution, whereas genomic
profiles consist of ten thousand-dimensional sequences, un-
derscoring the necessity of effectively aligning these imbal-
anced modalities. On the other hand, there are complex in-
teractions between modalities. Inadequate consideration and
modeling of these relationships during imputation can intro-
duce bias and noise, increasing the prediction errors. In light
of these challenges, there is a pressing need to develop meth-
ods for robust multimodal survival prediction in scenarios
where data is frequently incomplete, particularly in realis-
tic clinical settings where genomic information is frequently
missing. This is the first motivation for the present work.

Attention mechanisms have recently emerged as promis-
ing solutions for modeling various intricate interactions be-
tween modalities (Xu and Chen 2023; Ding et al. 2024; Zhou
et al. 2023; Qiu et al. 2023). While these attention mecha-
nisms can simulate dense interactions between modalities,
few efforts (Jaume et al. 2024; Chen et al. 2024) concentrate
on fine-grained cross-modal relationships. Specifically, mor-
phological manifestations in regions of WSIs should corre-
spond to certain abnormalities in cellular functions, which
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have the potential to provide critical insights for a deeper
understanding of the biological mechanisms of cancer. For
instance, the Wnt signal pathway shapes the histologic vari-
ation in diffuse gastric cancer (Togasaki et al. 2021). Addi-
tionally, the aforementioned methods tend to update atten-
tion scores based solely on the losses derived from down-
stream tasks, lacking specialized guidance that could en-
courage fine-grained alignment between modalities. To sum
up, the explicit modeling of interactions between patches in
WSIs and cellular functions to make fine-grained alignment
constitutes our second motivation.

With the above analysis, we propose an end-to-end frame-
work named CIMA, which coordinates Cyclic modality gen-
eration and Multi-grained multimodal Alignment. CIMA
employs a flexible strategy to impute incomplete multimodal
data and explicitly model the multi-grained interactions be-
tween histopathology and genomics. Specifically, CIMA first
introduces the Cyclic Modality Reconstruction (CMR) mod-
ule to handle incomplete multimodal data. CMR leverages
the widely available histopathology to recover the genomics
that is often absent in clinical practice, and subsequently
reconstructs the corresponding histopathology from the im-
puted genomics. This reciprocal reconstruction mechanism
is capable of preventing the introduction of excessive er-
rors during the generation process and enhancing the explo-
ration of cross-modality interactions. Concurrently, CIMA
utilizes samples with complete data to establish modality
priors, mitigating the supervisory deficit caused by modal-
ity missingness. Next, CIMA constructs the Multi-grained
Multimodal Alignment (MMA) module over the imputed
data. At the coarse-grained level, it aligns the semantic in-
formation of different modalities in a shared feature space,
where these semantics should both describe the physical
condition for the corresponding patient. At the fine-grained
level, it captures interactions between WSI (Whole Slide
Image) patches and biological pathways. Moreover, CIMA
introduces specially designed contrastive supervision to ex-
plicitly encourage alignment at both granularities. Finally,
guided by the fine-grained alignments, CIMA develops the
Adaptive Multimodal Fusion (AMF) module to integrate the
meticulously imputed and aligned multimodal data for sur-
vival prediction.

The main contributions of our work can be summarized
as follows: (a) A unified framework CIMA for cancer pa-
tient survival prediction that coordinates the cyclic multi-
modal reconstruction and multi-grained alignment. (b) A
flexible and intuitive missing modality cyclic reconstruction
paradigm that restores the missing modalities while avoid-
ing accumulated errors. (c) A skillful multimodal alignment
paradigm that explicitly encourages multi-granularity inter-
actions between modalities, providing reliable guidance for
multimodal integration and enhancing model interpretabil-
ity. (d) Extensive experiments on five benchmark datasets
prove the superiority and rationality of CIMA.

Related Works
Survival Prediction from Unimodal. The Cox proportional
hazard regression model (David et al. 1972) and its various
extensions have long served as the foundation for cancer

Figure 1: Conceptual framework of CIMA. The
histopathology and genomics data are organized into
bags (XH

i and XP
i ). Cyclic Modality Reconstruction

(CMR) module leverages available histopathology data
to generate pathway expressions, and reversely uses the
generated expressions to reconstruct the corresponding
pathological features. Next, Multi-grained Multimodal
Alignment (MMA) module captures coarse-grained inter-
actions between modalities (histopathology and genomics)
and fine-grained interactions between instances (patches and
pathways) within the imputed multimodal bags, resulting
in a fine-grained interaction map. Finally, Adaptive Mul-
timodal Fusion (AMF) module integrates the multimodal
bags under the guidance of the learned interaction maps to
predict survival risk scores.

survival prediction. The continuous development of digital
pathology and high-throughput sequencing technologies has
respectively sparked a surge of interest in using WSIs and
genomic profiles for unimodal survival prediction (Wiegrebe
et al. 2024). These unimodal methods still lack the capacity
to dissect underlying pathology and inherently face limita-
tions in robustness and generalization.
Survival Prediction from Multimodal. A recent surge of
solutions integrates histopathological and genomic data to
improve cancer prognosis analysis (Unger and Kather 2024).
The majority of these studies can be categorized into strate-
gies based on tensor operation (Chen et al. 2022; Dwivedi
et al. 2022), attention mechanism (Xu and Chen 2023; Zhou
et al. 2023), and bilinear pooling (Zhang et al. 2020). How-
ever, these methods typically build on the prerequisite of
complete multimodal (i.e., each patient possesses data from
all modalities simultaneously, and these modalities are one-
to-one aligned), which is challenging to fulfill in clinical ap-
plications. Several recent efforts can handle incomplete mul-
timodal data (Zhou et al. 2024), but treat missing modality
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reconstruction and multimodal alignment as isolated tasks,
causing the propagation and accumulation of errors across
tasks.
Multimodal Alignment. Alignment is a particularly chal-
lenging task in multimodal learning, which can be defined
as identifying coarse-grained alignments between samples
across two or more modalities, or establishing fine-grained
alignments between their sub-components (Baltrušaitis,
Ahuja, and Morency 2018). The integration of histopathol-
ogy and genomics naturally involves multi-grained align-
ment tasks (Chen et al. 2024), with fine-grained alignment
being especially important due to its potential to reveal
precise associations between gene expressions and histo-
logical features. Recent alignment methods primarily focus
on designing attention mechanisms to simulate soft align-
ment (Chen et al. 2021; Xu and Chen 2023; Zhou et al. 2023;
Ding et al. 2024). However, these attention-based methods
lack explicit multi-grained alignment supervision, they de-
couple the imputation from alignment, leading to scattered
attention and weak interpretability. In contrast, CIMA unifies
cyclic modality imputation and multi-grained multimodal
alignment to achieve the integrative survival prediction.

The Proposed Methodology
Construction of Multimodal Bags
Given the complex structure of histopathology (WSI) data
XH

i and genomics (gene expression) data XG
i for the i-th pa-

tient, we model them as bags composed with instances (WSI
patches and biological pathways) for fine-grained analy-
sis using the multi-instance learning paradigm (Carbonneau
et al. 2018; Wang et al. 2022). Specifically, the histopathol-
ogy bag BH

i = {bH
i,n}

NH
i

n=1 consists of low-dimensional
embeddings of the tissue image patches it contains, where
NH

i denotes the number of non-overlapping patches into
which XH

i is segmented. Similarly, the genomics data is
first organized in the form of biological pathways, guided by
the pathway-gene relationship matrix MG→P ∈ RNP×NG

.
Here, NP and NG are the number of pathways and genes,
respectively. These pathway-organized genomics (referred
as pathway expressions XP

i ) are subsequently fed into the
pathway encoder fP

enc(·) and constitute the genomics bag
BP

i . The bag formulations for histopathology and genomics
are detailed in Appendix B.2.

Cyclic Modality Reconstruction
WSIs, as the gold standard for tumor diagnosis, play an in-
dispensable role in clinical practice, while genomic data re-
mains relatively scarce. This disparity significantly limits
the clinical applicability of most multimodal survival pre-
diction methods. To address this challenge, we first design a
CRM module with the Genomics Recovery sub-module to
impute the genomics data using available histopathology,
and the Histopathology Reconstruction sub-module to re-
construct the corresponding pathological features using the
imputed genomics. Through this cyclic reconstruction pro-
cess, our CIMA not only effectively handles the incomplete

multimodal data, but also captures richer cross-modal infor-
mation and minimizes the risk of accumulating errors during
the generation process.
A. Genomics Recovery. This sub-module is responsible for
imputing genomic data using the available WSI from the pa-
tient. It is worth noting that we do not aim to directly recover
gene expressions; instead, considering the subsequent align-
ment tasks, we focus on reconstructing pathway expressions.
We model the pathway expressions XP

i as the outcome of
the interplay among pathway sequences hP−seq

m , individual
states hI

i aggregated from WSI patches, and the broader en-
vironmental context ϵi (a more detailed explanation of these
factors can be found in Appendix B.3) as follows:

x̃P
i,m = gPpred(h

I
i + hP−seq

m + ϵi). (1)

Due to the scarcity of genomics data, gPpred(·) typically
cannot receive sufficient supervision from limited modality-
complete samples. Inspired by the concept of shape prior
knowledge (Kuo et al. 2019), we introduce the modality pri-
ors learned from Nmc modality-complete samples as addi-
tional supervision to guide gPpred(·). Formally, the modal-
ity prior Smp is a set of key-value pairs, where each pair
consists of the individual state embedding and pathway ex-
pressions from a modality-complete sample, namely Smp =

{(hI
j ,X

P
j )}N

mc

j=1 . Thus, we directly adopt the original data
of modality-complete samples as their supervision and use
the weighted sum of modality priors as pseudo-supervision
for modality-incomplete samples, and define the genomic
recovery loss as follows:

LREC
P =

1

Nmc

∑N

i=1

Λi

NP

∥∥∥XP
i − X̃P

i

∥∥∥2
2

+
1

Nmic

∑N

i=1

1− Λi

NP

∥∥∥∑j sijX
P
j − X̃P

i∑
j∈Smp

sij

∥∥∥2
2
,

(2)

where Nmic represents the number of modality-incomplete
samples. The binary variable Λi ∈ {0, 1} indicates whether
the multimodal data for the i-th patient is complete or not.
sij represents the cosine similarity between hI

i for the i-th
patients and hI

j from Smp.
B. Histopathology Reconstruction. To avoid accumulat-
ing excessive errors when imputing the missing genomics
data, we make efforts in two aspects. On one hand, we intro-
duce Eq. (2) to constrain the generated expressions to fall
within the authentic genomics characteristics space. On the
other hand, we expect the reconstructed modality to retain as
much information as possible with the available ones. Here,
we quantify this expectation using the generated pathway
expressions to restore the histopathology.

The histopathology is the biological outcome of path-
way regulatory effects and environmental context. In other
words, the aggregation of all pathway effects ultimately
leads to the histopathological phenotype of a given WSI
patch. Moreover, to distinguish different patches, we incor-
porate the positional information of each patch within the
WSI during the reconstruction procedure, and restore the n-
th patch as follows:

b̃H
i,n =

1

NP

∑NP

m=1
gHpred

(
fP
enc(x̃

P
i,m) + hpos

i,n + ϵi
)
, (3)
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where gHpred(·) represents the patch predictor, and hpos
i,n

denotes the 2D absolute position embedding (Dosovitskiy
2021) for the n-th patch (illustrated in Appendix B.4).

Reinterpreting Eq. (3), we view the reconstruction of the
n-th patch by the m-th pathway to reflect the activation level
of that pathway on the patch. Therefore, we define the acti-
vation interaction aAI

i,nm between the patch and pathway as
the cosine similarity cos(b̃H

i,nm,bH
i,n), where b̃H

i,nm is the
partial reconstruction of the patch from the m-th pathway.
Consequently, we can construct the activation interaction
map AAI

i = [aAI
i,nm]N

H×NP

n=1,m=1, which will be utilized to guide
the multimodal alignment and integration. Reconstructing
all patches from each individual pathway to obtain the ac-
tivation interaction map is computationally prohibitive. To
simplify this procedure, we reconstruct the histopathological
modality using genomic information only once, and refor-
mulate the generation of activation interaction as a mutual
information estimation between different modalities. More
details are provided in Appendix B.5.

Considering the widespread availability of WSI, the
histopathology reconstruction loss can be calculated as:

LREC
H =

1

N

∑N

i=1

1

NH
i

∥∥∥BH
i − B̃H

i

∥∥∥2
2
. (4)

To sum up, the training loss for CMR module is:

Lrecon = (LREC
P + LREC

H )/2. (5)

Multi-grained Multimodal Alignment

To more realistically model the interactions between
histopathology and genomics, we explore different levels
of interactions between modalities. We first construct the
modality-shared projector to map the imputed WSI and ge-
nomics bags B̂H

i and B̂P
i into the high-level semantic space,

respectively. Next, we design two levels of alignment units
to modulate cross-modal bags in the semantic space: (i)
Bag-level Coarse-grained Alignment (BCA) focuses on ex-
ploring the shared semantics between different modalities.
(ii) Instance-level Fine-grained Alignment (IFA) aims to
explicitly capture many-to-many interactions between WSI
patches and biological pathways.
A. Bag-level Coarse-grained Alignment. This alignment
aims to constrain different modalities into the shared seman-
tic space, thereby capturing cross-modal consistency and fa-
cilitating subsequent fine-grained alignment. BCA first ap-
plies global max pooling to multimodal bags in the seman-
tic space to obtain bag-level representations. Then, it formu-
lates the bag-level contrastive learning task within the space
with the goal of maximizing the consistency between dif-
ferent modalities of the same patient. Specifically, given the
WSI bag B̂H

i and genomics bag B̂P
i , BCA treats them as a

positive pair and combines them with other patient bags (B̂P
j

or B̂H
j ) as negative pairs. Then it defines the bag-level con-

trastive loss anchored by histopathology for the i-th patient

as:

ℓBCA
H,i = − log

exp
(
cos

(
ρ(B̂H

i ), ρ(B̂P
i )

)
/τ

)
∑N

j=1 exp
(
cos

(
ρ(B̂H

i ), ρ(B̂P
j )

)
/τ

) ,
(6)

where ρ denotes the global max pooling operation, and τ is
a temperature parameter. In a symmetrical manner, we can
obtain the bag-level loss ℓBCA

P,i with genomics as the anchor.
B. Instance-level Fine-grained Alignment. Based on the
coarse-grained alignment, we aim to further identify fine-
grained alignment among instances of histopathology and
genomics bags. For this purpose, IFA needs to quantify the
improvement that the interaction between a pair of instances
brings to the entire system. The Shapley interaction in game
theory provides a solution to this quantification and has been
widely applied (Li et al. 2022; Luo et al. 2024). It measures
the additional contribution brought by a coalition compared
with the case when the players work alone. Here, IFA treats
each instance in the multimodal bags of the i-th patient as
a player. Given Shapley interaction aSI

i,nm for the instance
pair Bsub

i,nm = (bH
i,n,b

P
i,m), we define the Shapley Interac-

tion map ASI
i = [aSI

i,nm]N
H×NP

n=1,m=1. Details about the Shapley
Interaction and its calculation pipeline can be found in Ap-
pendix B.6.

Next, we design a specialized guidance to encourage fine-
grained alignment between instances from different modal-
ities. Unlike the one-to-one coarse-grained alignment be-
tween modalities of the same patient in Eq. (6), there is a
clear many-to-many relationship between WSI patches and
biological pathways. For example, a pathway may be ex-
pressed to varying degrees across different patches, while a
single patch may exhibit abnormal expression regulated by
several pathways. In other words, within the given multi-
modal bags, there are inevitably multiple positive instance
pairs. In this case, simply assigning one positive pair while
treating other combinations as negative pairs would result in
insufficient or even erroneous alignments. Inspired by super-
vised contrastive learning (Khosla et al. 2020), IFA utilizes
the fine-grained interaction aSI

i,nm to weigh the contrastive
loss term for each instance pair as follows:

ℓIFA
H,i =

1

NH
i

∑NH
i

n=1

1∑NP

m=1a
SI
i,nm

NP∑
m=1

aSI
i,nm · ℓCL

i,nm,

ℓCL
i,nm = − log

exp
(
cos

(
b̂H
i,n, b̂

P
i,m

)
/τ

)
∑NP

k=1 exp
(
cos

(
b̂H
i,n, b̂

P
i,k

)
/τ

) .
(7)

It is worth noting that for modality-complete samples, IFA
uses Eq. (7) to promote fine-grained alignment within the
multimodal bags. However, for modality-incomplete sam-
ples, the learned fine-grained interactions may become bi-
ased or even erroneous due to the inevitable biases intro-
duced during the reconstruction process. Therefore, we re-
place the Shapley interaction aSI

i,nm with the activation in-
teraction aAI

i,nm for weighting in such cases. In this way,
IFA overcomes the drawback of attention-based alignments
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(Chen et al. 2021; Ding et al. 2024), which are often guided
by downstream task-specific losses, without explicit guid-
ance for alignments between histopathology and genomics.

Similar to the coarse-grained alignment module, we can
also derive the instance-level contrastive loss term ℓIFA

P,i an-
chored by genomics here. Finally, by combining the coarse-
and fine-granularity, the overall loss of the multimodal align-
ment module is:

Lalign =
1

2N

N∑
i=1

(
ℓBCA
H,i + ℓBCA

P,i

)
+
(
ℓIFA
H,i + ℓIFA

P,i

)
. (8)

Adaptive Multimodal Fusion
After meticulously modeling the multimodal bags, we aim
to design an effective fusion mechanism that integrates the
thousands of instances from different bags into a compact
multimodal representation. To this end, we design the in-
teraction map-guided adaptive fusion process. In concrete
terms, given the quadruple {BH

i ,BP
i ,A

AI
i ,ASI

i } for the i-
th patient, we sequentially apply bilinear pooling layers over
the Activation Interaction map AAI

i and the Shapley Inter-
action map ASI

i .
We first perform bilinear pooling over AAI

i to obtain the
intermediate representation z′i ∈ Rd, where the k-th element
can be computed as follows:

z′i,k =
(
BH

i WH)⊤
[:,k]

AAI
i

(
BP

i W
P)

[:,k]
(9)

where WH,WP ∈ Rd×d are learnable transformation
matrices, (·)[:,k] denotes the column index for the inner
matrix. For convenience, we denote Eq. (9) as z′i =
fpool(B

H
i ,BP

i ;A
AI
i ), where fpool(·) is the pooling function

that integrates two multi-instance inputs over the given map.
Next, we apply pooling over the ASI

i map, which indicates
the fine-grained interactions between patches and pathways,
giving the final representation zi as follows:

zi = fpool
(
BH

i + z′i(1
H
i )⊤,BP

i + z′i(1
P)⊤;ASI

i

)
, (10)

where 1H
i ∈ RNH

i and 1P ∈ RNP
are vectors of ones.

The first two inputs of fpool(·) can be intuitively viewed
as establishing residual connections between the multimodal
bags and z′i. Notably, the transformation matrices WH and
WP are shared across these pooling operations to reduce
the number of parameters and alleviate overfitting.

Given the multimodal representation zi for the i-th pa-
tient, the goal is to estimate the risk probability of an out-
come event occurring before a certain time. As discussed in
prior works (Zadeh and Schmid 2020; Chen et al. 2022), this
objective can be formulated as a classification task with cen-
sorship information, where the i-th patient is represented by
the triplet {zi, ci, ysurvi }. Here, ci is a binary indicator, with
ci = 0 denoting an observed death, and ci = 1 indicating an
unknown outcome. The variable ysurvi ∈ {1, 2, · · · , N t} is
the discrete time label, meaning that the survival time of the
patient falls within the ysurvi -th time interval. These N t in-
tervals are derived from the evenly divided quantiles of sur-
vival times for uncensored patients. Thus, the survival loss

can be defined as:

Lsurv = −
∑N

i=1
ci log (fsurv(y

surv
i |zi))

+ (1− ci) log (fsurv(y
surv
i − 1|zi))

+ (1− ci) log (fhazard(y
surv
i |zi)) ,

(11)

where fhazard(y
surv
i |zi) is the conditional hazard function,

it estimates the probability of the death event occurring
within the ysurvi -th time interval. The discrete survival func-
tion fsurv(y

surv
i |zi) measures the probability that the pa-

tient survives until the ysurvi -th time interval. More details
for the survival prediction procedure are given in Appendix
B.7.

Overall Loss
To sum up, CIMA is an end-to-end architecture involving
three key modules that are optimized simultaneously in uni-
form, and the total loss can be calculated based on the indi-
vidual loss of each module as:

L = λ1Lrecon + λ2Lalign + Lsurv, (12)

where λ1, and λ2 are trade-off parameters among three in-
dividual losses. In practice, we set both of them to 1 by de-
fault. The whole procedure of CIMA is summarized in Algo-
rithm 1 in Appendix B.1. It is worth noting that although we
integrate the loss from each module into L, each loss only
affects its corresponding sub-networks during the backprop-
agation process. For instance, Lalign updates only the en-
coders of each modality without affecting other modules.

Experiments Results and Analysis
Experiment Settings
To validate the effectiveness of our proposed CIMA in in-
tegrating histopathology and genomics for cancer survival
prediction, we conducted extensive experiments on five
benchmark cancer datasets from TCGA (Weinstein et al.
2013): breast invasive carcinoma (BRCA), colon & rectum
adenocarcinoma (COADREAD), glioblastoma multiforme
& low-grade glioma (GBMLGG), lung adenocarcinoma &
squamous cell carcinoma (LUADLUSC), and stomach ade-
nocarcinoma (STAD). For each patient, we collected the
WSI used for primary diagnosis, RNA-Seq expression, and
corresponding clinical data from TCGA and cBioPortal (Ce-
rami et al. 2012) (the overview of these datasets and details
of data preprocessing can be found in Appendix C.1 and
C.2). Among them, we filtered and processed the expres-
sion data using the collected biological pathways (Jaume
et al. 2024; Zhang et al. 2024). We employed 5-fold cross-
validation on each cancer dataset and evaluated the model
using the Concordance Index (Harrell Jr, Lee, and Mark
1996) (C-index) and its standard deviation (std), thereby
quantifying the performance of correctly ranking the pre-
dicted patient risk scores for disease-specific survival. We
also employed Kaplan-Meier (KM) curves (Kaplan and
Meier 1958) to visualize the survival probabilities of differ-
ent risk groups.

We compare CIMA against thirteen representative and
competitive algorithms, which could be categorized into
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Type Method
BRCA COADREAD GBMLGG LUADLUSC STAD

Overall
(N=1017) (N=534) (N=567) (N=824) (N=326)

Unimodal
(Genomics)

MLP .586±.011 .517±.020 .615±.013 .518±.004 .526±.023 .552
SNN .600±.017 .529±.019 .594±.008 .525±.008 .547±.020 .559

SNNTrans .593±.017 .524±.017 .609±.021 .523±.014 .568±.022 .563

Unimodal
(WSI)

TransMIL .640±.014 .541±.021 .630±.008 .553±.019 .560±.020 .585
DTFD-MIL .637±.011 .571±.025 .612±.016 .545±.017 .567±.023 .586

WiKG .683±.015 .562±.010 .629±.015 .535±.013 .576±.023 .597

Multimodal

Porpoise(Cat) .674±.018 .556±.029 .622±.012 .545±.010 .566±.014 .593
Porpoise(KP) .687±.016 .563±.014 .637±.012 .558±.016 .577±.026 .604

MOTCat .694±.023 .579±.017 .625±.014 .563±.035 .574±.031 .607
PIBD .712±.022 .583±.022 .640±.010 .568±.023 .592±.016 .619

SurvPath .701±.010 .607±.014 .659±.018 .555±.015 .583±.026 .621

Incomplete
Multimodal

DCP .696±.015 .587±.007 .621±.013 .553±.010 .595±.022.595±.022.595±.022 .610
HGCN .681±.019 .596±.013 .643±.030 .541±.008 .580±.026 .608

CIMA (ours) .714±.011.714±.011.714±.011 .622±.013.622±.013.622±.013 .673±.017.673±.017.673±.017 .580±.017.580±.017.580±.017 .585±.013 .635.635.635

Table 1: The results (C-index, mean±std) of unimodal, multimodal, and incomplete multimodal methods over five cancer
datasets under complete multimodal. The best and the second-best results are highlighted in boldboldbold and underline.

three groups: (a) Unimodal methods. For genomics, we
adopt MLP, SNN (Klambauer et al. 2017), and SNNTrans
that incorporates SNN as the feature extractor and Trans-
MIL (Shao et al. 2021) as the aggregation model for multiple
instances. For histopathology, we compare with TransMIL,
DTFD-MIL (Zhang et al. 2022), and WiKG (Li et al. 2024).
(b) Multimodal methods. We select four methods for com-
parison: Porpoise (Chen et al. 2022), MOTCat (Xu and Chen
2023), SurvPath (Jaume et al. 2024), and PIBD (Zhang et al.
2024), where we employ two fusion approaches, including
concatenation (Cat) and Kronecker product (KP). (c) In-
complete Multimodal methods, including DCP (Lin et al.
2022) and HGCN (Hou et al. 2023). Among them, we adopt
AMIL (Ilse, Tomczak, and Welling 2018) for DCP to aggre-
gate modality bags, thereby extending it into multi-instance
learning. More details and configurations of these methods
are provided in Appendix C.3.

Result and Discussion
Result Analysis under Complete Multimodal
The experimental results presented in Table 1 demonstrate
that CIMA consistently makes top performance across five
cancer datasets and achieves the best overall performance.
Specifically, CIMA gains improvements of 7.2% (compared
to SNNTrans for Genomics), 3.8% (compared to WiKG
for WSI), 1.4% (compared to PIBD for Multimodal), and
2.5% (compared to DCP for Incomplete Multimodal), re-
spectively. Here, the superiority of CIMA can be attributed
to: (i) Different from unimodal baselines, CIMA employs
multiple modal perspectives and effectively fuses them, al-
lowing for a more comprehensive understanding of patients’
condition. (ii) Compared to multimodal baselines, CIMA ex-
plicitly explores and encourages alignment between differ-
ent modalities, providing more reliable guidance for subse-
quent integration. (iii) Compared to counterparts using in-

complete multimodal data, CIMA not only accounts for the
entire reconstruction procedure from a biological perspec-
tive, but also achieves sensible survival analysis by multi-
instance learning to model complex WSI and genomics data.
A more detailed analysis of the results can be found in Ap-
pendix C.4. For further insights into the effectiveness and
efficiency of CIMA, we report the ablation study, hyper-
parameter and runtime analysis in Appendix C.5-C.7.

Result Analysis under Incomplete Multimodal
Due to factors such as limitations in inspection equipment
and patient objections, incomplete multimodal clinical data
is a typical scenario, particularly for the more costly ge-
nomic data. Therefore, we further evaluate the robustness
of multimodal methods when confronted with incomplete
data. Specifically, we randomly mask the genomic data of
patients at ratios of {0.25, 0.5, 0.75, 0.9}, and then measure
the performance of the models. Taking the STAD dataset as
an example, we analyze the results of the above experiment.

Figure 2 illustrates the predictive performance of tested
methods under different missing rates, as well as the per-
formance decline compared to using complete multimodal
data. It is obvious that, as the missing rate rises, the per-
formance of each method declines consistently. When ge-
nomics data experiences severely missingness (with a miss-
ing rate exceeding 75%), the multimodal baselines become
inferior to several unimodal rivals, while the incomplete
multimodal methods still maintain considerable competi-
tiveness. Among these, CIMA is least impacted by data miss-
ingness, which can primarily be attributed to its cyclic recon-
struction design. Since the imputed modality is tasked with
recovering the available ones, when the missing rate is high,
the generated data will approximate the latent representa-
tion of the available modality. This ensures that CIMA does
not introduce excessive bias during the reconstruction pro-
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cedure, thereby roughly maintaining the performance lower
bound similar to that of using unimodal data. Although we
mainly focus on imputing missing genomics data, our CRM
module can be readily applied to other data missing scenar-
ios.

To further study the robustness of CIMA under incom-
plete multimodal conditions, we assess its imputation per-
formance against several representative baselines and test
CIMA under a severity-dependent missingness setting, and
report the results in Appendix C.8 and C.9.

Survival Analysis
To validate the effectiveness of CIMA in survival analysis,
we divide patients from the testing cohort into high- and
low-risk groups based on the median risk scores predicted
by the model, and visualize the results using Kaplan-Meier
(KM) curves (Kaplan and Meier 1958). Additionally, we
employ the log-rank test to assess the statistical significance
between different risk groups. As illustrated in Figure 3
(with more results on other datasets can be found in Ap-
pendix C.10), CIMA can more confidently distinguish pa-
tients in different risk groups than the best baselines (WiKG
for unimodal, PIBD for multimodal, and DCP for incom-
plete multimodal), expressing its practical value in cancer
prognosis prediction.

Interpretability of Multimodal Alignment
The explored multi-grained alignments of CIMA can provide
novel insights into the relationship between biological path-
ways and histological phenotypes that are crucial for identi-
fying cancer patient risk factors. Here, we compare and an-
alyze the differences between low-risk and high-risk gastric
cancer (STAD) cases.

We focus on the biological pathways that contribute sig-
nificantly to the prediction results (quantified by compar-
ing the change in survival loss before and after mask-
ing the pathway) and visualize their interactions with
WSI patches. In Figure 4, we present the results for the
PI3K/Akt/mTOR signaling pathway (Zhao et al. 2020) and
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Figure 2: Prediction performance of tested methods on
the STAD dataset. Solid dots represent the performance of
the corresponding method under complete multimodal data,
serving as the baseline. We have annotated the performance
degradation of each method under different missing rates.
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Figure 3: Kaplan Meier curves of CIMA, compared
against unimodal, multimodal, and incomplete multi-
modal baselines on the STAD dataset. A p-value < 0.05
(marked with *) indicates statistical significance. HR and
95CI are abbreviations of Hazard Ratio and 95% Confidence
Interval. The shaded area represents the confidence interval.

Figure 4: Interaction between several pathways and WSI
patches. Red indicates the pathway being highly expressed
on the patch, while blue indicates a low interaction.

the IL-6/JAK2/STAT3 pathway (Liu et al. 2022), which are
recognized to regulate the onset and progression of gas-
tric cancer. We can observe that these two pathways exhibit
lower interactions with patches from low-risk patients, but
higher interactions with the high-risk group. This shows the
authenticity of the learned interaction map and the inter-
pretability of CIMA.

Conclusion
We present CIMA, an end-to-end framework for multi-
modal cancer survival prediction that harmonizes the miss-
ing modality generation and multi-grained alignment. CIMA
not only flexibly addresses typical multimodal data incom-
pleteness scenarios in clinical practice but also effectively
identifies key interactions between biological pathways and
histopathology patches, providing valuable insights for ex-
ploring the mechanisms underlying cancer initiation and
progression. Experimental results on cancer datasets vali-
date its effectiveness and highlight its authenticity.
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